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This thesis discusses relevance feedback including implicit parameters, explicit 
parameters and user query and how they could be used to build a recommender 
system to enhance the search performance in the enterprise.  It presents an approach 
for the development of an adaptive fuzzy logic based recommender system for 
enterprise search. The system is designed to recommend documents and people based 
on the user query in a task specific search environment. The proposed approach 
provides a new mechanism for constructing and integrating a task, user and document 
profiles into a unified index thorough the use of relevance feedback and fuzzy rule 
based summarisation. The three profiles are fuzzy based and are created using the 
captured relevance feedback. In the task profile, each task was modelled as a sequence 
of weighted terms which were used by the users to complete the task. In the user 
profile, the user was modelled as a sequence of weighted terms which were used to 
search for the required information. In the document profile the document was 
modelled as a group of weighted terms which were used by the users to retrieve the 
document. Fuzzy sets and rules were used to calculate the term weight based on the 
term frequency in the user queries. An empirical research was carried out to capture 
the relevance feedback from 35 users on 20 predefined simulated enterprise search 
tasks and to investigate the correlation between the implicit and explicit relevance 
feedback. Based on the results, an adaptive linear predictive model was developed to 
estimate the document relevancy from the implicit feedback parameters. The 
predicted document relevancy was then used to train the fuzzy system which created 
and integrated the three profiles, as briefly described above.  
The captured data set was used to develop and train the fuzzy system. The proposed 
system achieved 89% accuracy performance classifying the relevant documents. With 
regard to the implementation, Apache Sorl, Apache Tikka, Oracle 11g and Java were 
used to develop a prototype system.   The overall retrieval accuracy performance of 
the proposed system was tested by carrying out a comparative retrieval accuracy 
performance evaluation based on Precision (P), Recall (R) and ranking analysis. The 
values of P and R of the proposed system were compared with two other systems 
being the standard inverted index based Solr system and the semantic indexing based 
lucid system.  The proposed system enhanced the value of P significantly where the 
average of P value has been increased from 0.00428 to 0.064 as compared with the 
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standard Sorl and from 0.0298 to 0.064 compared with Lucid. In other words, the 
proposed system has managed to decrease the number of irrelevant documents in the 
search result which means that the ability of the system to show the relevant 
document has been enhanced. The proposed system has also enhanced the value of R. 
The average value of R has been increased significantly (doubling) from 0.436 to 
0.828 as compared with the standard Solr and from  0.76804 to 0.828 as compared 
with Lucid.  This means that the ability of the system to retrieve the relevant 
document has also been enhanced. Furthermore the ability of the system to rank 
higher the relevant documents has been improved as compared with the other two 
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Information has become one of the most important organisational needs in order to 
survive in the highly competitive business environment that we witness today.  
Finding the right information when it is required is crucial and selecting the wrong 
information can impact both the business processes and the decision making of the 
enterprise. There has been reported a noticeable dissatisfaction among information 
workers with the retrieval performance of the current enterprise search tools in their 
organisations. The poor retrieval performance, along with growth of the information 
available for enterprises, overloads information workers with a lot of irrelevant 
information which impacts the efficiency of the organisation. There are number of 
structural differences between the enterprise search and the Web. For example, the 
anchor texts which link web documents together and are used as a base for the 
PageRank algorithm in the Web search are not found in enterprise documents. 
Secondly the heterogeneity of documents means that different algorithms are required 
to process them, different ranking mechanisms are required to prioritise them and they 
need different levels of access control to protect them. 
Recommender systems could be used to enhance the search result accuracy in the 
enterprise and minimise this information overloading.  They can be developed using 
relevance feedback based approaches (Ricci et al. 2011) which determine the 
relevance of a particular piece of information (document) to the user and how its 
content can be reused in order to find documents that are similar. The use of relevance 
feedback increases the chance that similar documents can be retrieved which may go 
some way to offset the lack of anchor texts as well as providing contextual 
information about the needs of the information worker.  
The two most widely recognised techniques of relevance feedback are explicit and 
implicit (Amatriain et al. 2009; Anand, Kearney, Shapcott, 2007; Hu,  Koren,  
Volinsky  2008).  In explicit feedback, users mark the documents explicitly as 
relevant or not relevant.  In implicit feedback, the relevance is estimated by observing 
the behaviour of search users when processing information and then collecting 
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relevance parameters. The relevance parameters include reading time, click count, text 
section, etc.  Profiles of the user can be developed using the relevance feedback 
approaches. One of the significant techniques used in recommender systems is user 
profiling, where such profiles contain browsing history, tasks performed, preferences 
and interests (Schiaffino and Amandi, 2009; Brusilovsky and Millán, 2007). However, 
relevance feedback involves a high level of uncertainty due to the inconsistency in user 
behaviour and subjectivity in their assessment of relevancy (Kearney, Shapcott , 2007; 
Hu,  Koren,  Volinsky  2008). Therefore, handling such uncertainty is crucial to 
achieve better performance.  Fuzzy logic has been used to deal with uncertainly in  
different application domains ranging from the controllers systems (Skalistis, Petrovic, 
Shaikh, 2013)  to information retrieval (IR) Eckhardt (2012). It can be used to enhance 
the search result accuracy by handling the uncertainty and ambiguity in user data as 
fuzzy sets provide an expressive method for user judgment modelling and fuzzy rules 
provide an interpretable method of classifying the most relevant results. 
This thesis presents an approach for the development of a fuzzy recommender 
system to enhance the process for searching for documents containing the relevant 
information and also searching for people by identifying the “experts” in a particular 
topic area in the enterprise. This approach provides a new mechanism for constructing 
and integrating profiles for the task, user and document, into a unified index by the use 
of relevance feedback and fuzzy rule based summarisation.  
The rest of the chapter is organised as follows: Section 1.2 discusses the motivation 
of the research. Section 1.3 discusses the research problem. Section 1.4 discusses the 
aim and the objectives of the research.  Section 1.5 discusses the research questions. 
Section 1.6 discusses the scope of the research. Section 1.7 discusses the research 
methodology. Section 1.8 discusses the structure of the rest of the thesis.  
1.2. MOTIVATION  
Information has become one of the important resources of the organisation that is 
essential to survive in the highly competitive business environment that we witness 
today.  According to the European Commission report 2013 (White et al. 2013), 
organisations lose 14% of their potential revenue every year as a cost of the poor 
quality of retrieved information.  Hawking (2010) argued that from the results of the 
study of the Butler Group (2006), the cost of finding the required information equated 
to  10% of the salary cost of the organisation..  In the ICD report (2005), it was found 
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that employees spend 20%  of their time on  average, searching for information they 
could not use, which meant that an organisation with 1,000 employees wasted $2.5 
million annually because of poor search capability.  
Other available evidence also shows that enterprise search tools are inefficient and 
unable to meet the expectation of the users and clients.  The recent FindWise survey 
on information findability (2013) showed that only 9% of information searchers 
believed that it was easy to find the required information within an organisation while 
63% believed it was hard. It also showed that 60% were dissatisfied with the search 
tools provided (Norling, 2013). Middle managers believe that more than 50% of the 
information retrieved by the search tools was irrelevant.  On the other hand, there has 
been a high growth of information as a resource of the enterprise. According to the 
European Commission report 2013  (White et al. 2013), the amount of information 
collected and managed by European organisation   has increased by 86% since 2007.  
 Comparing the enterprise search with robust web search tools could raise the 
question: why not apply these robust tools and methods to achieve better retrieval 
performance in the enterprise?.   Web search tools are described as inefficient for the 
enterprise search because there are structural differences in the nature of the 
information on the Web compared to  the enterprise information (Broder and Ciccolo, 
2004; Mukherjee and Mao, 2004). For example, 80% of enterprise information 
consists of non-web documents, which means the documents are not connected to 
each other with hyperlinks. This limits the efficiency of the most common web search 
ranking algorithms such as PageRank.  
The importance of the information, poor retrieval performance of the current 
enterprise search tools and the high level of growth of digital information available for 
enterprises, has created an urgent need for intelligent approaches to enhance the 
search quality for information in the enterprise.  The total enterprise search market in 
Europe has reached €500 million by 2013 while the world market has reached €2 
billion (White et al. 2013). This high growth in the enterprise search market reflects 
the need for organisations to have efficient enterprise search tools. Grefenstette (2009) 
stated that the growth average of the enterprise search industry is around 20% per year 
which indicates the need for a robust enterprise search engine to meet the information 
needs of the enterprise.  
Although, enterprise search has received increasing attention from vendors, 
organisations and the research community, the amount of research is relatively limited 
11 
 
An Adaptive Fuzzy Based Recommender System For Enterprise Search 
 
and the outputs from studies of this research area are still lacking (Pavel et al. 2010, 
Grefenstette 2009).  
1.3. PROBLEM STATEMENT  
Poor retrieval performance of the current enterprise search tools and the large 
amount of searchable information in enterprises has caused information overload for 
users searching for information.  Time and effort is wasted searching for relevant 
information or having to use irrelevant information which affects the quality of 
services and decision making within the organisation.  This research is an attempt to 
address the problem of information overload by improving the retrieval accuracy of 
enterprise search. This will be achieved by developing an intelligent recommender 
system which is able to filter out the irrelevant search result and display those 
documents and experts which are relevant to the user query. A list of experts will 
include those people who are most likely to have the required knowledge of the query 
topic and have searched/read those documents before.       
1.4. AIM & OBJECTIVES  
This research aims to enhance the retrieval accuracy in the enterprise search by 
proposing an adaptive intelligent approach for recommender systems based on 
relevance feedback. The aim will be achieved through the fulfillment of the following 
objectives: 
• To explore the current methods, techniques, tools and issues in enterprise search. 
• To investigate the relevance feedback approaches, including: implicit parameters, 
explicit parameters and query.  
• To investigate the relationship between implicit and explicit feedback parameters 
in order to identify the most reflective parameters for the user interest.  
• To propose an intelligent and adaptive approach for recommender systems  in 
order to the improve the accuracy of the enterprise search result. 
• To evaluate the accuracy of the proposed approach by identifying the relevant 
documents retrieved from a user query.  
1.5. RESEARCH QUESTIONS  
This research is carried out to answer the following main question: 
How could an intelligent recommendation improve the retrieval accuracy in 
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enterprise search and in turn help to address the information overloading problem in 
the enterprise. This broad research question could be answered through answering the 
following sub questions:    
• What are the main challenges and issues that limit the retrieval accuracy of the 
enterprise search? 
• What are implicit and explicit feedback parameters? Is there any relationship 
between them and how could they be used to enhance the retrieval accuracy of the 
enterprise search? 
• How can the search result accuracy be enhanced in the enterprise environment 
by using user feedback?   
1.6. RESEARCH SCOPE  
The scope of the research project is limited as follows:    
• Only open source and freely available technologies are used. 
• The main focus of the research is the search result accuracy and not other aspects 
of the performance such as response time, scalability or complexity. 
• The proposed system is designed to work as an upper layer on the top of the 
search facility in the enterprise to filter out the irrelevant documents of the search 
results and does not deal with aspects of the indexing process.  
• Information overload occurs when the quantity of information to be processed is 
more than the individual can process in the time available for processing (Jackson 
2001; Ruff 2002). In the context of the search process, it occurs when the number 
of items returned by the search engine are large and not relevant to the user query.  
Information filtering is one of the common approaches to address this problem as 
it aims to improve retrieval accuracy by enhancing the value of both precision and 
recall minimising the number of irrelevant documents retrieved. 
• It is assumed that the search tasks are related to the user role in the organization. 
They are predefined and provided according to the taxonomy of the enterprise. 
• Due to the data access limitation, only document search and people search based 
on the search history of users will be considered.  
• The results are limited to documents and user queries which are written in the 
English language.  
• Results and findings will be limited to cases where the user behaviour is 
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consistent.  
1.7. RESEARCH METHODOLOGY 
In order to achieve the aim and objectives of the research a multi-step methodology 
will be applied. As shown in Fig (1.1) The methodology consists of a number of steps 
which include problem identification and definition, proposing the approach to 
address the research problem, carrying out a user study to capture data for 
implementing the approach, training and validating the proposed approach models, 
evaluating the retrieval accuracy of the proposed approach, and finally drawing up the 
conclusions and recommendations. During the research process an on-going literature 
review will be carried out in order to understand the problem domain, gaps in the 
knowledge and the perceived limitations of the existing approaches so that a suitable 
and effective approach can be developed.  
 




Step 1, Problem Identification: This step surveys the literature to provide a better 
understanding of the problem domain and context. The research problem is identified 
and defined in order to set the research aim and objectives clearly.  
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Step 2, Uroposed approach: This step develops the approach to address the research 
problem which includes the component identification, design and interfaces. 
Step 3, User study: This step will be carried out to create the dataset which is 
required to implement and train the proposed approach. The data set will be captured 
from users using the controlled observation technique (Magnusson et al. 2009; 
Gulliksen et al. 2003) 
Step 4, Training and validation: This step will train and validate the models in the 
proposed approach. The approach models will be trained and validated on multiple 
passes. The process will apply two supervised machine learning tasks, specifically, 
regression and classification. Machine learning uses computational methods to make 
the computer learn from past experience in order to improve future performance  
(Cintra 2005; Alpaydin 2014).  
In general, machine learning can be categorised into supervised, semi supervised, 
unsupervised and reinforced. In supervised learning the predicted output data for 
given input data is provided by a supervisor (i.e. the data is labelled) and this is then 
used for training the model to deal with future similar data. Regression and 
classification are commonly used tasks in this type of learning (Alpaydin 2014 ). 
Semi-supervised learning uses a mixture of labelled and unlabelled data to train the 
model. The labelled data is used to create the prediction model, which is then used to 
produce predictions for a subset of the unlabelled data. The resulting predictions are 
then used to label the data which will be used for the future training of the model. In 
unsupervised learning, there is no labelled data at all and the system is trained to 
group and cluster the inputs rather than just making predictions of the output. The 
common term for this type of learning is data clustering. In reinforcement learning 
there is no labelled output and even the inputs are not clearly predefined.  
 
In order to train models for the proposed approach,   supervised learning which 
includes regression and classification will be used. Regression will be used to 
investigate the relationships between the implicit user feedback and the relevance of 
the retrieved document. Classification will be used to estimate the weights of the user 
query terms for each of the user, task and document profiles. These profiles will then 
be combined into a unified index.  Knowledge extraction and compression will also 
be used in order to extract the classifying rules.      
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Regression is supervised learning in which a regression model is trained on a 
labelled data set to predict the value of an output variable from the values of input 
variables. The regression model consists of the given input variables with their 
associated coefficients, which represent the influence of each input variable in 
predicting the value of the output variable value. Regression analysis will be 
discussed in more details in Chapter 4. 
Classification is a supervised machine learning task, in which the system is trained 
to classify the data into two are more categories based on a set of defined rules.  
Classification is useful in data discrimination and prediction.  In discrimination the 
classification of data takes place, whereas in prediction classifying rules are used to 
predict the output value of new input data.  There are different of classification 
methods such as   decision trees, Bayesian method and artificial neural networks 
(Alpaydin 2014). However, a comparison between these methods will be carried out 
in order to select the best fit classification method for the research.  
  
Validation 
In this research two validation methods will be applied, R-squared (R2) and K-fold 
cross validation.  R-squared is a common validation method for the regression model 
which is based on the squared differences between the predicted values and their 
averages; and between the actual values and their average (Arlot and Celisse, 2010). 
This method is described in detail in Chapter 6.  K-fold cross validation will be used 
to validate the accuracy of the classifiers.  This method will be discussed in detail in 
Chapter 6. 
Step 5: Overall retrieval accuracy comparative evaluation: In this step the overall 
retrieval accuracy of the proposed approach is evaluated. The evaluation will be based 
on the well-known retrieval accuracy matrices, Precision (P) and Recall (R) (Kelly, 
2008).  The precision and recall of the proposed approach will be compared with both 
the standard inverted index based enterprise search (standard Solr) and semantic 
indexing based enterprise search tool (Lucid) for the same data set. In addition a 
document ranking performance evaluation will be carried out in order to assess the 
ability of the system to show the relevant documents at the top of the search result. 
Step 6: Drawing conclusions and future work identification: Based on the 
knowledge gained throughout the research process and results, the main conclusions 
will be drawn to summarise the research. In addition the future work will be identified 
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in order to extend the research in the future and also to direct the work of other 
researchers in the subject area.      
1.8. RESEARCH CONTRIBUTION  
The main contribution that this research has made to existing knowledge was the 
development of an adaptive integrated fuzzy approach for a recommender system, to 
be used in enterprise search. The recommender system was used to recommend 
relevant documents based on relevance feedback. In addition, the system also 
recommended people who have expertise in the search area.  The contribution this 
research made to the existing knowledge can be summarised as follows: 
• The empirical research carried out as part of this thesis has clearly found 
significant co-relation between implicit parameters (i.e. time on page, 
mouse movements, and mouse clicks) and the explicit document relevancy. 
• An adaptive linear predictive model was developed to estimate the 
document relevance from the implicit feedback parameters.  
• A new approach for profiling was proposed. The approach extended the 
method proposed in ( Li & Kim 2004) to include task, user and document 
profiles, rather than only creating a user profile.  
• An adaptive fuzzy mechanism was developed to integrate the three profiles 
into one index that contained a unified term weight for each occurrence of 
the term in the user queries. 
• As a result of the research experiments,  the labelled data of the well-known 
enterprise search test collection ‘TREC Enterprise Track 2007’ was 
extended to include more user queries for the topics provided and relevance 
feedback (implicit and explicit) on the created queries. 
The research contribution will be discussed in more details and in relation to the 
research objectives in Chapter 7. 
1.9.   STRUCTURE OF THE THESIS 
  The thesis will be constructed as follows: 
• CHAPTER 1: INTRODUCTION 
This chapter presents an overview of the current research. It highlights the research 
importance and also gives a brief background about the problem domain. The aim and 
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objectives of the research, research questions, scope, problem statement and the 
structure of the thesis are discussed. 
• CHAPTER 2: BACKGROUND 
 This chapter provides the background and context of the research problem by 
giving an introduction to enterprise search, recommender systems and fuzzy logic, the 
essential concepts of this research. The chapter starts by defining the enterprise search 
and how it differs from the web search, while considering the issues which have been 
experienced with the enterprise search. The definition, structure and the main 
approaches for recommender systems are then discussed together with an introduction 
to fuzzy logic systems and their main components (e.g. fuzzy sets, member functions 
and fuzzy rules). 
•  CHAPTER 3: LITERATURE REVIEW 
This chapter presents a review of the related literature. The information presented 
in this chapter includes: enterprise search; recommender systems and their application 
in the enterprise search; relevance feedback and its application in the enterprise 
search; intelligent approaches for recommender systems; and fuzzy logic together 
with its application for recommender systems. 
• CHAPTER 4: USER STUDY 
This chapter discusses the user study which was conducted as a part of the research 
to capture the relevance feedback from 35 search users, based on an enterprise 
document test collection.  The relevance feedback was captured in order to maintain 
an adequate amount of data for the profiling process used by the proposed approach. It 
also provided the means to conduct empirical research, to gain a better understanding 
of the nature of the relationship between implicit feedback and the relevance level of 
the retrieved document within the context of the enterprise. 
• CHAPTER 5: THE PROPOSED APPROACH   
This chapter discusses the proposed approach and its various phases, which include:   
• Feedback collection from users of the search including what data was captured 
and how it was captured.   
• Document relevancy prediction based on the developed linear predictive 
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• Fuzzy logic based Task, User and document profiling process and how these 
profiles were created and structured.   
• Fuzzy combined weight calculation and Unified Term Wight Index (UTWI) 
creation, based on the fuzzy rules summarization approach.  
• The iterated training and validation process for applying the rules 
summarization approach, in order to extract the best set of rules for combined 
weight calculation.  
• Recommendations creation based on the relevance between the user query and 
the relevant search task, user and document.   
• Recommendations presentation to the user through a web based user interface. 
• The implementation of the proposed approach 
 
• CHAPTER 6: THE EXPERIMENTS AND RESULTS 
This chapter discusses the evaluation methods and results for the proposed 
approach. The proposed approach was evaluated at two levels: the validation of the 
accuracy of the component and the overall retrieval performance. The linear 
predictive model and fuzzy system was built based on the summarised fuzzy rules. 
The linear predictive model was validated using the R-squared method and the fuzzy 
system was validated using K-Fold method. The overall retrieval accuracy of the 
proposed system was tested by carrying out a comparative retrieval accuracy 
evaluation based on Precision (P) and Recall (R) in which the values of P and R were 
compared with two information retrieval systems.  
• CHAPTER 7: CONCLUSIONS 
This chapter discusses the main contributions and outcomes of the research and 
how the research objectives were achieved by reference to the relevant chapters of the 
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2.   CHAPTER 2 BACKGROUND 
 
2.1. INTRODUCTION 
The previous chapter discussed the aim, objectives, motivation and scope of the 
research.  A systematic methodology was also defined in order to address the problem 
and to achieve the objectives of this research.  As briefly discussed in the previous 
chapter, the highly competitive business environment has increased the importance of 
information as one of the organisational resources.  The large amount of information 
within enterprises and on the internet and internal servers created a critical need for an 
effective information retrieval system.    The availability of the correct information is 
crucial for timely decision making.  Current enterprise search tools are not robust 
enough to meet the user information needs.  
 This chapter sheds more light on the problems of the enterprise search and its 
importance to the organisation and highlights the main differences between the 
Internet and Intranet search. It also provides background information for 
recommender systems  
The rest of the chapter is organised as follows: Section 2.2 discusses the enterprise 
search and considers the advantages which this type of search has over the more 
traditional web search in respect of retrieval performance.  Section 2.3 discusses the 
main approaches used for recommender systems. Section 2.4 concludes  the chapter. 
2.2. ENTERPRISE SEARCH  
Many enterprises have a rich and diverse collection of various information 
resources. Such resources can be divided into structured and unstructured information. 
Structured information is encoded into databases while unstructured information is 
encoded into documents. The retrieval of structured information has been well 
investigated in the literature (Mangold et al. 2006) and several commercial search 
tools or products are available in the market in the form of the traditional database 
engines (e.g., Oracle, Microsoft SQL server, MySQL). However, retrieval of 
unstructured information is still a challenging task due to the lack of anchor text (e.g., 
hyperlinks), heterogeneous format of documents and other problems. 
20 
 
An Adaptive Fuzzy Based Recommender System For Enterprise Search 
 
Hawking (2010) defined the enterprise search as "the application of information 
retrieval technology to information finding within organisations”. This information 
finding includes various information sources including digital documents, emails, 
database records and webpages, which are owned by the organisation.   
Enterprise Search Engines (ESEs) are still not advanced and mature enough to 
provide the required high quality results (Hawking, 2004; IDC, 2004; Dmitriev et 
al.2010; White et al. 2013).  Despite the fact that there are various companies that 
provide enterprise search solutions such as Google, Verity, IBM and Panoptic, little 
research work has been done in this area of enterprise research. (Dmitriev et al. 2006; 
Owens, 2008; Alhabashneh et al. 2012; Hawking 2004). 
2.2.1. ENTERPRISE SEARCH VERSUS INTERNET SEARCH 
Information retrieval is a complex and cognitively demanding task. Particularly, 
searching for information in an enterprise is challenging, as accessing information 
from various diverse resources is difficult and even sometimes impossible. 
Furthermore, the information resources might be part of different systems or 
subsystems imposing further administrative, privacy and security policies within the 
context of an enterprise (Broder and Ciccolo, 2004; Mukherjee and Mao, 2004).  On 
the other hand, the information on the web, although changing dynamically, is easily 
publicly accessible.  
Information in the enterprise is multi-dimensional, that is it can be structured, 
semi-structured or unstructured. Furthermore, information could be written in 
different languages and distributed on different platforms and locations. The metadata 
about the documents could be limited as well and the documents themselves could be 
formatted differently (e.g. Word documents, PowerPoint presentations and Excel 
spreadsheets).  
Hawking (2010), argued that the need for a federate search in which the user is 
provided with a single list as a search result, with retrieved information ranked by 
importance, adds more challenge for the enterprise search tools developer. Creating 
such a list over a variety of document types, access rights, repositories and contexts is 
very difficult.   The user is unaware of the complications beyond the search screen 
and requires information retrieval in the enterprise to be as easy and efficient as in the 
web search.  
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There is a wide range of commercial ESE products that are available for the 
customer from many vendors, such as; Google, Verity, IBM, Oracle, Microsoft and 
Panoptic. Unfortunately, none of the existing enterprise search products provide a full 
solution for the enterprise information needs. (Dmitriev et al. 2006; Owens 2008; 
Alhabashneh et al. 2012; Hawking 2004).  Hawking and Zobel (2007) found that 
limitations within the company and improper implementation policies made the 
effectiveness of metadata mark-up in enterprise search invaluable, in spite of 
committed resources.   Even though there is a transfer of technology from web search 
to enterprise search, there are vast differences between them that have been explained 
in this chapter. A major difference is that no organisation rewards spam information. 
The definition of an answer to a query varies on the internet as compared to that on 
the intranet. The internet provides all possible answers to the query and the user 
selects the best or the most relevant of them. On the contrary, the enterprise is 
governed by the notion of finding the right answer, which may differ from the best 
answer on the internet. Arriving at the right solution to a problem is indeed a different 
task than looking for the best solution (Fagin et al. 2003; Raghavan 2001; Hawking 
2004). 
The social forces driving the content of Internet and intranet differ in many ways. 
The Internet is a reflection of the collaborative opinions of a number of authors who 
exercise their freedom to publish content, as opposed to an intranet that serves a 
particular organisation and should only reflect the viewpoint of people in that 
organisation. Internet content is focused on information dissemination, rather than 
building traffic or targeting any number of viewers. Content creation is not sought as 
an incentive-building activity and the right to publish content is not granted to 
everyone in the organisation. Information gathered from different repositories (e-mail 
systems and content management systems) are generally not cross-referenced through 
hyperlinks. Therefore, there is a difference between the amount of linked pages or 
documents on an intranet and on the Internet. For instance, on the Internet the 
powerfully linked sections (links connecting different pages) make up for 30 % of 
visited pages while this number is far less on corporate intranets (Hawking 2010). 
  PageRank and HITS techniques that are popular on the Internet are of little use on 
an intranet, thus demanding the employability of other methods to improve intranet 
search. Certain characteristics of enterprise content and processes have made the 
enterprise information retrieval (IR) systems differ from those of the Web, thus 
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causing differences in the way that enterprise search has evolved.  (Fagin et al. 2003, 
Raghavan 2001, Hawking 2004). 
2.2.2.  EXPERT SEARCH IN ENTERPRISE  
In large organisations, information retrieval is often accompanied by the need to 
search for other users/colleagues who possess knowledge of the topic (Hertzum and 
Pejtersen, 2000). Also, it has been seen that the relevant information is not present in 
electronic format or cannot be deciphered or converted into a written language. In 
such situations, taking help from other people becomes necessary (Craswell et al. 
2001). There are experts who give logical and satisfying answers to particular queries, 
and may provide links to gather further information. Such experts are always in 
demand by event organizers who constantly look for consultants, analysts, and talent 
hunters to get their expertise from tackling client enquiries and keeping intact their 
client-base (Idinopulos and Kempler, 2006). 
Though it may be difficult for an organisation to find such experts, identifying 
them via social media or professional networks is difficult in large firms, which may 
be located in different geographical areas.. Generally, to facilitate the search for 
people or departments with specialised knowledge and skills both within and outside 
the firm, a specialised expert search tool is required (Maybury, 2006). Recruitment 
costs are reduced and money saved if an expert can be found at a reasonable cost and 
convenient location in another organization. An expert finder tool powered by a text 
search engine requires a small set of queries by the user as input and produces an 
index listing all persons with the required skill/knowledge on the topic as output. This 
system ensures that the information is traceable by providing relevant documents 
(notes of documents written by the persons listed) evidencing the expertise of the 
listed individuals (Hawking, 2004). 
2.2.3. KEY RESEARCH PROBLEMS IN ENTERPRISE SEARCH 
 The Enterprise Search Engine faces significant problems that limit its ability to 
rank heterogeneous documents, estimate non-web document importance and extract 
and utilise search context ( Hawking 2010; Alhabashneh  2011; Owens  2008).   
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2.2.3.1. RANKING HETEROGENEOUS DOCUMENTS 
Most enterprise documents are non-web documents, and furthermore they are 
heterogeneous (have different types, structure, purposes and nature). This makes 
webpage ranking techniques inefficient for Enterprise Search. For example, 
PowerPoint files consist of slides and each slide has a title and body. The title part, 
logically, should have a higher importance than the body part. On the other hand, 
Excel spreadsheets have a structure of columns and rows and always consist of 
numerical values with a limited text description as well as the column titles. The 
question now is: how could the same ranking algorithm or technique be applied to  
very different file types? It is obvious that the text based ranking methods are not 
effective in this case (Alhabashneh 2011; Hawking 2010; Dmitriev 2010; Owens  
2008; Mangold 2006). 
2.2.3.2. NON-WEB DOCUMENT IMPORTANCE ESTIMATION 
The structure analysis showed that the Enterprise web does not follow the bow-tie 
structure of the WW-Web pages which makes the Page-Rank algorithm inefficient for 
the enterprise search. Most enterprise documents have no anchor texts, since the 
anchor texts are used by the web search engines as the means to calculate the 
document importance in the document ranking algorithm (Hawking 2010; Dmitriev 
2010; Owens 2008). The lack of such texts make these algorithms inefficient in the 
enterprise search case (Alhabashneh 2011; Hawking 2010; Dmitriev 2010; Owens 
2008; Mangold 2006). 
2.2.3.3. EXTRACTING AND USING THE SEARCH CONTEXT 
Search context is useful to disambiguate the short or ambiguous queries, since it 
adds more keywords to the user query, which makes it clearer to the search and easier 
to correctly rank the result list. The user profile (e.g. reading age, first language, 
interests, search history, user feedback etc.) can be accessed to give context to the 
search. The problem here, however, is how this content can be used effectively in the 
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2.3. RECOMMENDER SYSTEMS 
Recommender systems (RS) can be described as intelligent systems which are 
provided with the capability to suggest information to the users (Ricci et al. 2011; 
Burke, 2007; Mahmood and Ricci, 2009). The suggested information relates to 
various domains such as shopping items, people, documents, movies, etc.  Such a 
system helps to bring down the complexity involved with information finding. The 
recommender system provides a mechanism for removing unwanted material from 
the retrieved information and suggests the names of experts/consultants with 
knowledge of the information required by the search topic or query (Ricci et al. 
2011).       
2.3.1.  CONTENT-BASED RECOMMENDATION SYSTEMS  
These systems select the items based on the similarity between the item features 
and the user profile. Such systems are used to suggest web results, news items, 
cafés, TV programs and objects for auction.  However, content-based 
recommendations suffers from the lack of diversity problem as the 
recommendation in such systems is based only on the current user’s preferences 
without including recommendations based on the preferences of other similar 
users. This limits the chances of exploring new items that the user might have 
liked but has not searched  for before (Ricci et al. 2011). 
2.3.2. COLLABORATIVE FILTERING (CF) RECOMMENDATION 
SYSTEMS  
These systems are more successful and popular because they have provided 
solutions to the many problems of content-based filtering systems. Collaborative 
filtering (CF) involves the filtering or evaluation of data in accordance with the 
views of other people (Bell and Koren, 2007). CF technology brings together views 
from large web communities, and helps filter large amounts of data. Described 
below are the different types of CF.  
2.3.2.1. MEMORY-BASED CF 
Memory-based CF systems use special techniques to evaluate the similarities 
between users or products. The results of this evaluation are then used by e-
commerce sites to recommend similar items when a particular item is purchased, 
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or to recommend items that have been purchased by users with similar interests. 
This method has been used successfully by many commercial systems (Ricci et al. 
2011) owing to its effectiveness and ease of application. 
The benefits of this method the following:  
• It gives an explanation of the results, which is an important feature of any 
recommender system;  
• It can be created and used easily; it is easy to add and update new forms of 
data;  
• There is no need to study the content of the recommendation; and the tool 
works well with co-rated items. 
This approach also has weaknesses:  
• Firstly, the recommendations are created based the user rating without 
considering feature analysis for the recommended items.   
• Secondly, as it occurs frequently with Web related products, it shows 
reduced performance in the case of sparse data and it cannot measure large 
datasets.  
• Finally, it will not work for new users or new products. 
2.3.2.2. MODEL-BASED CF 
In these systems the recommendations are created based on models. These 
models are derived from user feedback using data mining and machine learning 
methods (e.g. regression, clustering and classification). These models can also be 
developed based on both expert knowledge and knowledge from research in the 
application domain. There are several model based CF approaches such as 
Bayesian Networks (Namahoot, Brückner and Panawong  2015 ), clustering models 
(Ricci et al. 2011), latent semantic models like singular value decomposition 
(Vozalis and Margaritis, 2007), probabilistic latent semantic analysis 
(Hofmann,2003),  Latent Dirichlet allocation (Xie, Dong, and Hui Gao,2014) and 
Markov decision process based models (Durand,Laplante, Kop 2011) 
The benefits of such systems include the following.  
• It takes care of scattered information which was a problem for memory 
based CF.  
• It can easily measure large sets of data.  
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• It gives a better forecast.  
• Finally, it provides a logical basis to the given recommendations.  
However, according to Lü et al. (2011) and  Bell and Koren (2007), the 
weaknesses of this model include: 
• The high cost involved in developing the accurate model.  
• There needs to be a balance between its forecasting and its ability to scale 
the recommended information.  
• Giving logical explanations of predictions is difficult for many models. 
2.3.2.3. USER-BASED CF 
As one of its major objectives, user-based CF recognises users with common 
interests. The rating given by a user for an item is used by this model to find other 
users with interest in the item, thus creating a pool of users. Then, 
recommendations are made to the users based on the ratings given by one or more 
users who also have an interest in that item. Thus, generally, a user-item matrix is 
used by a user-based CF to calculate the shared interest between users and then to 
make recommendations accordingly (Bobadilla et al. 2013; Bell and Koren  2007). 
2.3.2.4. ITEM-BASED CF 
Item based CF recognises where a user might have an interest in an item that is 
similar to the item required. For instance, if a user likes Canon digital cameras it is 
very likely that that the user likes Canon video cameras as well. Features of an 
item and the ratings given by other users help in getting matching products (Ricci 
et al. 2011; Bell and Koren 2007;Lü et al, 2011; Bobadilla et al. 2013). Benefits of 
item-based CF over user-based CF include the following: 
• It decreases cold-start problems for new users where the users still have 
insufficient search or shopping history to build their profiles. 
• It enhances scalability (information on similar products is more reliable 
than information about users who might change their interests over time). 
 
2.4. CONCLUSION  
Organisations and researchers have become more aware of the importance of 
enterprise information needed at different levels ranging from the management of the 
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day to day processing to strategic decision making. Searching for information in an 
enterprise involves finding the relevant people because information is not always 
written down and only exists in peoples’ heads.  However, the available enterprise 
search tools are inefficient and have a relatively low retrieval accuracy compared with 
the Internet search engines. Structural differences between the enterprise search and 
the web search (such as the lack of the anchor texts and the heterogeneity of the 
documents) make the techniques used in the web search less successful when applied 
to the enterprise search.  The large amount of information available from the Internet 
as well as from the enterprise intranet, together with the poor retrieval accuracy of the 
enterprise search tools exacerbates the information overloading problem and limits the 
quality of the search result as these tools retrieve a large amount of irrelevant 
information.        
Recommender systems sizes down the search result, omitting the irrelevant 
information by applying specific user-centric and/or information-centric techniques 
and rules. Such systems help to address the information overloading problem within 
the enterprise search and improve the retrieval accuracy of the enterprise search tools.  
The next chapter surveys the previous key research on enterprise search, relevance 
feedback and  recommender systems, which comprises the main focus of this research 
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 3. CHAPTER 3 LITERATURE REVIEW 
3.1. INTRODUCTION 
The previous chapter provided the background for enterprise search as the problem 
domain. The highly competitive business environment and the large amount of 
information on the Internet and organisation intranets increased the importance of 
information as an organisational resource and created a critical need for an effective 
information retrieval system.  
 Enterprise search has a number of differences compared with web search making  
web search engines less efficient in the enterprise. This means that the traditional text-
based search tools are more commonly used for enterprise search. However, such 
tools are described to be ineffective as they retrieve a large amount of irrelevant 
information which exacerbates the information overloading problem and limits the 
quality of the search result. Recommender systems have been shown to be a 
promising filtering tool to plug in on the top of search tools to size down the search 
result and in turns help to address the information overloading problem. Relevance 
feedback is the main data source of the intelligent recommending techniques which 
are used to create the required profiles and also to tune up the recommending 
mechanism.    
This chapter discusses the previous key research on enterprise search, 
recommender systems and relevance feedback, which comprises the main focus of the 
proposed research.   The main purpose of this literature review is to survey previous 
work on enterprise search as it is the overarching template for the proposed approach.  
Surveying the literature is a substantial part of any research as it helps the researcher 
to identify and define the research problem. It also helps the solution development and 
evaluation.  
The rest of the chapter is organised as follows: Section 3.2 discusses previous 
research on the enterprise search. Section 3.3 surveys the previous work on the key 
intelligent recommendation approaches, including the recommender systems for 
enterprise search. Section 3.4 discusses the user profile including the definition and 
the main contents. Section 3.4 discusses the relevance feedback and how it has been 
used to enhance retrieval performance. Section 3.6 discusses the componential 
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intelligent and how these have been used to develop intelligent recommender systems     
Section 3.7 presents the conclusion of the chapter. 
3.2. ENTERPRISE SEARCH  
The term ‘’Enterprise Search’’ was first coined by Hawking (2004). In his study, he 
introduced and defined the term Enterprise search as a different concept to the web-
search. He also highlighted the main challenges to be addressed in order to achieve 
robustness in the search process. Since then different research has tried to address 
enterprise search problems in order to enhance the information retrieval performance.  
A database supported approach was proposed by Mangold, Schwarz and Mitschang 
(2006) to integrate structured information from the enterprise database and the semi-
structured documents from content management systems, in order to enhance the 
retrieval performance. The experiments showed improvement on the recall and 
precision of the enterprise search.   
Dmitriev et al. (2006) incorporated implicit and explicit user annotations to enhance 
the retrieval performance of the enterprise search by taking ideas from the PageRank 
algorithm which is commonly used in the web search. Implicit annotations were taken 
from the query logs while the explicit annotations were captured from users. The 
annotations were attached to the visited pages to add more relevance information to 
the web links.  Although, the approach was shown to improve the retrieval 
performance slightly, it was tested on Intranet webpages which contained anchor text 
and did not contain heterogeneous documents, so would not be as effective on 
enterprise search. Recently, enterprise search has received more attention from 
researchers as the organisations and research communities have become more aware 
of its importance, and the need for intelligent approaches to address its problems 
(Hawking et al. 2010). 
A semantic approach for the search in small and micro size enterprises was 
proposed by Seleng et al. (2014). They extracted hidden knowledge in emails and 
content management systems using tags and annotations provided by the user. The 
captured tags and annotations were used to build a lightweight semantic web to 
represent the relationships between documents required for different tasks. A 
knowledge cloud concept was introduced by Delic and Riley (2009). The knowledge 
cloud was built by extracting the keywords from enterprise information sources such 
as documents from content management systems, emails and database applications. 
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These keywords were used as candidate tags for the relevant information and filtered 
and ranked based on the taxonomy provided by the organisation together with 
Wikipedia topic headings in order to search and rank the documents. Although no 
results were provided the system was described to be enhancing the retrieval 
performance. 
Bao, Kimelfeld and Li (2012) proposed an automated semantic query-rewrite rule 
suggestion system to help enterprise search users to write better queries. In the 
proposed system, the suggestions were created based on a set of rules which were 
extracted from the co-occurrence of the terms in the query history of successful 
queries. The proposed approach was shown to improve the retrieval performance and 
the user satisfaction as well.      
  In order to address the information overloading problem in the enterprise, Liu el al 
(2012) proposed an entity centric query expansion approach. This approach was based 
on expanding the user query based on the relevant entities. The entities were extracted 
from enterprise documents using an organisational dictionary and tags extracted from 
enterprise web pages and user annotations. The similarity between the user query and 
the extracted entity was calculated and then the relevant entities were used to expand 
the user query. The proposed approach was shown to improve the retrieval 
performance of the enterprise search.  
Wand and Chen (2014) proposed a class based personalised approach for the 
enterprise search. In their approach, the documents were classified based on the 
taxonomy of the organisation and each document was assigned a particular class. 
During the search process the users were asked to rate the document returned by the 
search according to their relevance to the user query . Based on the document class 
and the user rating the relevance between the user and the document class was 
calculated. A model was then created for the user by assigning a number of classes 
which were used to filter the search result in the next query. The experimental results 
showed that the class based user model accurately represented the user interest. 
Afzal and Islam (2013) presented an enterprise recommender system called Meven. 
The system was an Enterprise trust-based profile recommendation with privacy, 
which used the content from the enterprise social web to create a trust matrix between 
colleagues based on whether they had demonstrated similar interests and behaviour on 
the social web. The trust matrix then was used to bring together colleagues with 
similar interests and behaviour.  
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3.2.1. EXPERT SEARCH AND RECOMMENDATION  
In medium to large size organisations, finding the relevant documents was not 
sufficient to satisfy the information needs of the information searcher as the 
information could be tacit and held only in the people heads  (Suresh and Kavi 
Mahesh, 2006; Venkateshprasanna et al. 2011). This expanded the enterprise search 
task to find people who have “expert” knowledge about the query topic. However, 
finding such people was not straightforward and the size of the organisation, the 
diversity of its business and the geographical dispersion of its locations brought its 
own challenges and complications.  As part of enterprise search, the people search 
inherited a number of problems which limited the retrieval performance of the search 
query. These problems included the heterogeneity of the document and the lack of the 
anchor text or internal links which were required to retrieve the required information. 
People search was interlinked with the document search as the document (eg. text, 
database records, sound tracks) was the starting point from which the people who 
knew most about the required topic were identified.  
In the people search, people were ranked according to their knowledge of the topic 
or query and a list created and presented to the user. People search recently received 
increasing attention in the research community (Gollapalli, Mitra  and  Giles , 2011).  
It was studied by a number of researchers in different contexts including the enterprise 
corpora (Balog et al. 2009), sparse data university environments (Balog et al. 2007), 
online knowledge communities (Wang et al. 2013) and digital libraries (Gollapalli, 
Mitra  and  Giles al. 2011). People search  was then categorised into profile-based and 
document-based approaches (Fang and Zhai 2007). 
In the profile-based approach a profile was created for each user based on the 
documents they visited, created or authored. The user was given a rank based on 
matching between the profile and the given user query. Balog et al. (2009) proposed 
profile-based and document based approaches.  The profile based approach used 
terms selected from the user search string to model the expertise of the users. The 
profiles were implemented by the vector space model and then the ad hoc model was 
used to retrieve and rank the users based on the relevance of their profiles to the user 
query.  In the document based approach, a language model was employed to find the 
relevant people based on ranked documents. The model ranked people based on the 
relevance of both their profiles and the relevant documents, to the given query. The 
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relevance between the people and the documents was calculated based on the terms 
co-occurrence and the order of the co-occurred terms. The experimental results 
showed that the document-based model outperformed the profile-based model.  
 Different information retrieval models were applied in people search and 
recommending for the enterprise.  A probability approach to rank people according to 
their relevance to a user query was proposed by Cao et al. (2005). The approach 
combined the traditional relevance model which calculated the relevance of the 
document to the query term based on the term frequency in the document, with the co-
occurrence model which considered the co-occurrence of the query terms in the 
document.  
The informational retrieval and graph based approaches were integrated by Deng et 
al. (2008) in a hybrid approach for ranking expertise. This approach integrated 
information from social media, online communities and forums with the document 
based model to rank the expertise of people for a specific topic.  Combining the  two 
approaches improved the retrieval performance beyond what was possible with each 
of the individual approaches. Voting techniques were borrowed from the data fusion 
field and applied to enhance the retrieval performance of the people search by 
Macdonald and Ounis (2008). The proposed voting based approach was shown to 
improve the retrieval performance of the people search.  
Sun et al. (2013) argued that profile based methods have a lower component cost 
than document based methods as they used a smaller size virtual document to model 
the user rather than the content of the actual document. On the other hand, the 
document based methods were more effective in ranking people to individual 
documents and required less data management than the profile based methods.     
PageRank (Page  et  al,   1999)  was employed for people search. Zhou et al. (2007) 
used PageRank to develop a coupled walk random approach in which citation 
networks were combined to rank authors and documents.  Wang et al. (2013) used 
PageRank to calculate expert authority and contribution in a specific topic in online 
communities. Similarly, PageRank was used to calculate the people relevance in 
social networks and online communities (Deng et al,   2012). The authors used 
comments and posts from friends’ chains in social networks to estimate the 
importance of people in specific topic.   
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3.3. RECOMMENDER SYSTEMS  
There has been an extensive study on recommendation systems with a myriad of 
publications.  In this section, we aim to review a representative set of approaches that 
are mostly related to the proposed work undertaken in this thesis.  
In general, recommendation systems can be divided into collaborative and content 
based recommendation. Collaborative Recommendation systems recommend an item 
to a user if similar users liked this item. Examples of this technique include nearest 
neighbor modeling by Bell and Koren (2007), Matrix Completion by Rennie and 
Srebro (2005), Restricted Boltzmann machine by Salakhutdinov, Mnih and  Hinton 
(2007), Bayesian matrix factorization by Salakhutdinov and Mnih (2008), etc. 
Essentially, these approaches were either collaborative filtering by user or item, or a 
combination of these.   
Collaborative filtering was used by Bell and Koren (2007) who used an algorithm 
to compute the similarity between users based on items they liked. Then, the scores 
for user-item pairs were computed by combining the scores for this item given by 
similar users. Item based collaborative filtering stored the information about an item 
liked by a particular user then recommended other items to that user if they were liked 
by other users (Sarwar et al. 2001).  
User-item based collaborative filtering finds a common space for items and users 
based on a user-item matrix and combines the item and user representation to find a 
recommendation as shown in Fig 3.1.  Rennie and Srebro (2005)  and Salakhutdinov 
and Mnih (2008) used this approach in their research. However the user-item matrix 
should be factorised in order to keep its size manageable.  In matrix factorisation the 
size of the matrix was reduced to include only those items and users which have an 
actual correlation. There were different approaches for user-term matrix factorisation 
such as factor analysis and singular value decomposition (SVD). Collaborative 
filtering was extended to large-scale setups by Das (2007). However it was generally 
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FIGURE 3.1: USER-ITEM  SIMILARITY MATRIX (RICCI ET AL. 2011). 
The second approach for recommendation systems was content-based 
recommendation.   This approach extracted features from the item and/or user profile 
and then recommends items to users with preferences for those features. The 
underlying assumption is that users with similar preferences tend to like the same 
items. Linden, Smith and York (2003) proposed  a method to construct a search query 
containing  the features of items that the user liked before in order to find other 
relevant items to recommend.  
Another example was presented  by Dolan and  Pedersen (2010)  where the 
preferences of a user for particular news topics or articles were captured so that other 
users at the same location seeking similar topics or articles could collaborate with that 
user. The proposed approach used the user location to handle the cold-start problem 
based on the intuitive that new users should be shown the  topics used most frequently 
in their location. This might be a good feature to recommend local news but in other 
domains, for example TV program recommendation, using only location information 
may not work as a good indication of the preferences of the user. For example,  
factors such as the gender and the age category might have more influence in 
selecting TV programs than the location. Recently, researchers have developed 
approaches that combine both collaborative filtering and content-based 
recommendations.   
Melville, Mooney, and  Nagarajan (2002)  used item features to smooth user data 
before using collaborative filtering. Gunawardana and Meek (2008) used the 
Restricted Boltzmann Machine to learn similarity between items, and then combined 
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this with collaborative filtering. A Bayesian approach was developed by Wang and  
Blei (2011) to jointly learn the distribution of items (research papers in their case), 
over different components (topics) and the factorization of the rating matrix. 
Handling the cold start issue in recommendation systems was studied mainly for 
new items (items that have no rating by any user). As previously mentioned, all 
content-based filtering can handle the cold start for items. Schein et al. (2002)  and 
Gunawardana and  Meek (2008) developed and evaluated some methods specifically 
to address this issue. Rennie  and Srebro (2005)   studied how to learn user 
preferences for new users incrementally, by recommending items that give the most 
information about users while minimizing the probability of recommending irrelevant 
content. 
 User modelling via rich features has recently been studied by several researchers. 
More precisely, it has been shown that user search queries can be used to discover the 
similarities between users by Song et al. (2014). Rich features from user search 
history have also been used for personalized web search by Song, Wang, and He 
(2014). For recommendation systems,  Ahmed, Das and Smola (2014)  leveraged the 
user’s historical search queries to build a personalized taxonomy for recommending 
ads. Researchers have also discovered that the social behaviour of a user can be used 
to build a profile for that user. In (Abel et al. 2013), tweets from Twitter were 
captured for a user in order to recommend News articles to other users. 
Recently, there has been an increasing interest in cross domain recommendation. 
There are different approaches for addressing cross domain recommendation. One 
approach is to assume that different domains share a similar set of users but not items, 
as illustrated by Sahebi and  Brusilovsky (2013). In their work, the authors augmented 
data from the rating of movies and books together with datasets that have common 
users. The augmented data set was then used to perform collaborative filtering. They 
showed in particular that this helped the cases where users had little profile 
information in one of the domains (cold-start users). The second approach addressed 
the scenarios where the same set of items shared feedback,  for example user clicks or 
user explicit rating, across  different domains (Pan et al. 2010).  In this approach the 
authors introduced a coordinate system transfer method for cross domain matrix 
factorization. Li, Yang and Xue (2009), studied the cross domain recommendation in 
the case where there existed no shared users or items between domains. They 
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developed a generative model to discover common clusters between different 
domains. However, a challenge in their approach was its inability to scale beyond 
medium datasets due to the computational cost. A different approach for author 
collaboration was introduced by Tang et al. (2012).   In this approach they built a 
topic model to enable collaboration between authors working on those topics from 
different research fields.  
For many approaches in recommendation systems the objective function was to 
minimize the root mean squared error on the user-item matrix reconstruction. 
Recently, Lee et al. (2014) developed a ranking based objective function for the 
recommendation of movies. The proposed function was shown to enhance the 
recommendation. 
Deep learning techniques have been used for building recommendation systems 
based on collaborative filtering and content based approaches.  Alakhutdinov, Mnih 
and Hinton (2007) used a Restricted Boltzmann Machines (RBM) model for 
collaborative filtering. Van, Dieleman and Schrauwen (2012) proposed Deep learning 
for content-based recommendation for music files. The proposed approach used deep 
convolutional neural networks to learn the latent features of the audio in the music 
files and to match these features with user preferences. The authors aimed to solve the 
new-item problem by substituting the lack of the user rating for the new music with 
latent features from the music itself. 
 An expert recommender system was proposed by Gao, Ilves and  Głowacka 
(2015).  The system was designed to help students to find supervisors with the right 
experience to help them with their final year projects. The recommendation was 
created based on the keywords for the academic articles which were written by the 
academic staff in the faculty. The system could be described as a content-based 
recommender system in which the reinforcement learning approach was used to 
model the students’ interest.  
Manuja and Bhattacharya (2015) used the social connection as a means to 
recommend items. They proposed a matrix factorization based collaborative filtering 
approach which uses the social connections between people to increase the accuracy 
of the recommendation prediction. Social connection was based on the assumption 
that friends have similar interests. In other words what is liked by one friend will 
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probably be liked by the other.  The system showed a significant improvement in the 
prediction accuracy up to 3.09 %.  
Elkahky, Song and He (2015) proposed a content-based recommendation system in 
which a feature set was created based on the web search history of the user . The 
system was mainly designed to improve the cross-domain recommendation. The 
experiments were carried out on recommendations for three real-world Microsoft 
products including Windows Apps News articles and Movie/TV programs. The 
results showed that the proposed approach significantly enhanced used 
recommendations by up to 49%.  Another effort in using social connections to 
enhance the recommendation was introduced by Bostandjiev, O'Donovan and 
Höllerer (2012). They proposed an interactive hybrid recommendation approach that 
combined the information from  social networks such as Facebook and Twitter with 
semantic information from Wikipedia to enhance the recommendation. The proposed 
system employed a hybrid mechanism that combined the collaborative filtering and 
content based approaches. It was also equipped with an interactive interface to explain 
the recommending process to the users and also to relearn the user’s preferences. The 
experimental results showed a significant improvement on the prediction accuracy 
and the user satisfaction as the recommendations were explained and justified to the 
user.     
3.4. USER PROFILE  
A user profile contains a description of the user together with useful information for 
that user. The reason for profiling is that users are different and have different 
preferences and information needs which require a personalised search where the 
search result is customised based on the user profile. 
The contents of the profile are diverse and differ based on the application domain 
(e.g. movies or e-shopping).  In a movie recommender system. The user profile will 
contain the preferred actors and the genres, while in a document for an e-shopping 
recommender system the preferred brands will be included in the profile (Schiaffino 
and Amandi, 2009).   
User profiles differ according to how the information was captured; either explicitly 
(e.g.by prompting the user to provide the required information) or implicitly (e.g. 
where the system learns these information by an intelligent technique) (Zu-kerman 
and Albrecht, 2001).  
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3.4.1. USER PROFILE CONTENTS 
The user profile can contain a wide range of information based on the domain and 
the purpose of the profile. However the user profile contents could contain interests, 
knowledge, goals, behaviour, interaction preferences, individual characteristics and 
contextual information according to (Schiaffino and Amandi, 2009).  These are 
described more fully in the following paragraphs:  
• User interest is the most important component of the user profile in information 
retrieval and filtering systems (Brusilovsky and Millán, 2007).  Interest can be a 
news topic, research topic, business related topic, hobby topic or a description of 
an item. It could be categorised as a short-term or long-term interest. For 
example, for the football World Cup it would be a short-term interest limited to 
the duration of the championship, while for research in information retrieval 
search engines it would be a long-term interest, because the duration is indefinite.     
• Knowledge that the user has in a specific domain is an important factor. The 
knowledge of a domain expert could be useful for filtering information for other 
users in the same domain by including the expert knowledge in the filtering 
mechanism (Brusi- lovsky et al. 2005). 
• User behaviour could be used to for information filtering and recommendation, 
where the behavioural patterns are extracted and then used to filter the 
information or to make recommendations. For example the user document 
reading behaviour (e.g. reading time and mouse movements) could be used to 
estimate the relevance of the document. Information could also be filtered based 
on the goal of the user search because the search result for a document would be 
different than for a product). 
• Interaction preferences could be included in the user profile. These preferences 
could be related to the user interaction with the system interface such as the 
preferable message style (e.g. warning or caution), the number of the documents 
in the search result or the background colour (Schiaffino and Amandi, 2006). 
Such preferences could be used to customise the system interface to enhance the 
user experience. Individual characteristics such as demographics (e.g. age, 
gender, nationality, home address) provide useful information for information 
filtering and recommending ((Kolb 1984; Felder and Silverman, 1988; Honey and 
Mumford, 1992; Litzinger and Osif, 1993). Contextual information (e,g, current 
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temperature, user mood and user location) can help to sort the search results to 
benefit the current situation (Dey and Abwod, 1999). For example, the current 
location could be used in a search for restaurants, to sort the results according to 
the distance of each restaurant from that location.   
3.4.2. GROUP PROFILES  
In contrast to individual user profiles, group profiles aim at combining individual 
user profiles in order to model a group. Group profiles are vital in those domains 
where it is necessary to make recommendations to groups of users rather than to 
individual users.  
In group profiling, the individual profiles are combined to model interests and 
behaviour for a group rather than for an individual user (Schiaffino and Amandi, 2009 
). Such a profile is useful when the recommendations are created for a group of people 
who share the same interest. Group profiling can be used in different domains such as 
tourism, movies and television programs recommendation systems. Ardissono et al. 
(2002) proposed a destination recommendation system, which recommends 
destinations to visit for tourist groups based on their shared interest, taking into 
consideration sub groups such as children and disabled people. McCarthy et al. (2006) 
suggested a collaborative approach to build group profiles. The group profiles were 
then used to recommend holidays to the user groups. Masthoff (2004) and Yu et al. 
(2006) combined individual profiles to  recommend TV programmes to users based 
on shared characteristics such as  age category and area.  
     In the context of the enterprise, search group profiles are useful as people in an 
enterprise usually work in teams or groups. These groups often need to search for 
information on common topics related to business processes, which make it likely that 
the group members could have a shared interest. Examples of groups in an enterprise 
could include people in the same department, project team members or people who 
share the same role (Lu, Huang, Jiang, 2009; Lu, Huang, Jiang, 2009; Colomo-
Palacios et al. 2012).  
A role based recommendation system was proposed in (Lu, Huang, Jiang, 2009). 
The proposed system recommended documents based on the role structure of 
engineering team members. Group profiles were created for design engineers, test 
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engineers or production engineers based on their search history. These profiles were 
then used to recommend documents to support the workflow of the team. Similarly 
(Lu, Huang, Jiang, 2010) used the employee predefined role and task along with other 
contextual parameters such as time, background and location to recommend 
information to team members.  Another role based recommendation system used role 
based group profiles to assign project team members to  project work packages 
(Colomo-Palacios et al. 2012). It also used a fuzzy approach to handle the uncertainty 
of the results when  matching work package specifications with group profiles.  
Due to the available data limitations the main focus of this research was to build 
profiles of the user based on interest and behaviour by extracting the level of  interest 
using the user query together with implicit and explicit feedback parameters. 
3.5. RELEVANCE FEEDBACK  
Relevance feedback was required for personalised information filtering, particularly 
in recommender systems, as the user preferences need to be learned in order to build 
the user profiles. Relevance feedback was categorised into explicit and implicit. The 
two categories had some similarities as they both include, to a different extent, noise 
and a high level of sensitivity to search context. (Amatriain et al. 2009; Anand, 
Kearney, Shapcott , 2007; Hu,  Koren,  Volinsky  2008), but they also had a number 
of differences. Explicit feedback was limited while implicit feedback was plentiful.  
Explicit feedback was seen to be more accurate than implicit feedback in reflecting 
the relevancy of the retrieved object to the interest of the user. In addition, explicit 
feedback represented both positive and negative user judgment on the retrieved 
information, while implicit feedback only reflected positive judgement (Amatriain, 
Pujol, Oliver, 2009) . 
Explicit parameters were usually captured by asking the user explicitly to provide 
feedback to reflect the relevance of the document to their information needs. The 
feedback could be provided in the form of a scaled number such as “positive/inverse”, 
“relevant/non-relevant”, or like/dislike. Annotation  and/or some form of tagging could 
also be used to provide more information about the viewed document (Amatriain et al. 
2009).  
Implicit feedback unobtrusively obtained information about the behaviour of users 
by recording their interactions with the system. Common techniques used to gather 
implicit feedback included dwell time, saving, scrolling, bookmarking, printing and 
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click-through, among others. Compared to explicit feedback, inferences drawn from 
implicit feedback were considered to be less reliable, however, large quantities of data 
can be gathered implicitly without incurring any additional activities by the user (Jung, 
Herlocker and Webster, 2007). 
The relationship between user interest and relevance feedback was studied by 
different researchers to try and identify which implicit feedback parameters best 
reflected the user interest, whether there was any relationship between these 
parameters and also the relationship between the implicit and explicit feedback. The 
following paragraphs present the key researchers who have worked on relevance 
feedback. 
    Morita and Masahiro (1994) investigated user behaviour when reading news 
articles and how implicit relevance feedback could be used for building a profile for 
the user. The study was conducted on eight users who were asked to read news articles 
which were available on Internet discussion groups (e.g. USENET news) and then to 
give a rating depending on their level of interest in the articles they read.  The reading 
time was found to be strongly correlated with the user interest, whereas, saving, 
following-up and copying were not found to be strongly correlated with the user 
interest.  
Link analysis was one of the large-scaled implicit feedback approaches used in web 
search.  Kleinberg (1999) proposed that the link of an information source for a specific 
topic could be called “authority” and a collection of authorities could be called a 
”hub”.  A good hub contained a collection of good authorities and similarly a good 
authority was pointed to by a good hub. This principle was then applied successfully in 
the   PageRank algorithm applied by Google.          
Claypool and Mark (2001) suggested a categorization for relevance feedback 
parameters which included both implicit and explicit parameters. In their research, they 
tried to address the essential question of what implicit parameters could be used as 
indicators of user interest. The study was carried out on 75 students where the students 
were asked to use a customised web browser for unstructured browsing. The browser 
was designed to capture certain implicit parameters (e.g mouse clicks, combined 
scrolling, and time on page).  The browser also captured the explicit rate of  
relevance for each visited page. The explicit rate was used to evaluate implicit 
parameters as interest indicators. Both the time spent on a page and the amount of 
scrolling on a page were found to be strong indicators of interest as they had a 
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positive correlation with implicit ratings.  However the mouse clicks and individual 
scoring indicators were found to be ineffective as a means of predicting the explicit 
rating.  
Oard and Kim (2001) suggested that the user models could be developed 
automatically based on the implicit relevance feedback. They classified the implicit 
feedback parameters into examine, retain, reference, and annotate categories. And 
these main categories could then be further subdivided based on the scope of the 
visited information (e.g. segment, object, or class). The study was carried out using 
academic and professional journal articles and abstracts.  It was found that the printing 
and reading time could be used as strong evidence of the relevance level of the article 
and also that the user spent a longer time reading academic articles than news stories. 
This classification framework is shown in Fig 3.2. 
FIGURE 3.2 : OARD AND KIM (2001) CLASSIFICATION FOR POTENTLY OBSERVABLE 
BEHAVIOUR (IMPLICIT FEEDBACK PARAMETERS) 
Reading time was also examined as a document re-ranking technique by White, 
Ruthven and Jose (2002). The proposed technique used the reading time captured from 
the user’s interaction with the search results to automatically re-rank the retrieved 
documents and then update the display to reflect the ranking of the documents. The 
retrieved documents were displayed to the user as a summary of the sentences in the 
document. Based on the assumption that the users spend a longer time on the relevant 
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document summaries the search result was updated based on the captured reading time.  
This assumption was investigated and it was found that users spend significantly 
longer time viewing relevant academic article summaries than the news stories.  
  Kelly and Teevan (2003) added a new behaviour category to the Oard and Kim’s 
framework and called it “Create”. The category includes the implicit parameters 
relating to the user behaviour when creating a new information item or updating an 
existing one.  They also added some additional parameters to the existing categories   
which as shown in Fig 3.2.  
FIGURE 3.3: KELLY AND TEEVAN (2003) EXTENDED CLASSIFICATION FOR IMPLICIT FEEDBACK 
PARAMETERS 
It has been argued that click-through data does contain useful information indicating 
likely relevance as users generally do not randomly click on links. Fox et al. (2005) 
measured user activity and collected explicit relevance judgements based on Web 
search. They found the best retrieval model was the combination of click-through, 
dwell time and the way a user ended a search session. 
Click-through data in the web search was examined as a reliable source of implicit 
feedback by Ramachandran (2005) the clicks were found expressive, but biased, which 
affected their ability as an absolute indicator of user interest.  However, the relative 
user preferences which were derived from the clicks were found to be relatively 
accurate. This notion is supported by other studies that showed the positive effects of 
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click-through data in estimating the interests of users (Bidoki et al 2010; Jung, 
Herlocker and Webster. 2007; Smyth et al. 2005).  
Poblete and Baeza-Yates (2008) proposed an approach to incorporate implicit 
feedback information into the vector space representation of the retrieved document. 
Rather than representing a document based on TF-IDF (term frequency – inverse 
document frequency) which is stripped of user information need; a document could be 
represented using the vocabulary of the user during the retrieval of a particular 
document. If a user entered a search query and clicked on the document then the query 
was going to represent the document even if some vocabulary from the query was 
missing from the document. Based on such representation a similarity analysis of the 
documents can be performed. 
Page review literature refers to ‘‘re-finding’’ as post-click behaviour in which users 
return to the same web pages that have been visited. Tyler and Teevan, (2010) studied 
this behaviour as an indication of user interest and they found that about 38% of all 
user queries were used to re-find a previously visited page. The experimental results 
showed that queries which were created to re-find a page were better than the ones that 
were previously created to find the page.  Similarly, Tyler, Wang, and Zhang (2010) 
proposed the re-ranking method which ranked higher the re-finding URLs. The 
experiments showed that the retrieval performance could be enhanced using re-finding 
based predictions for the relevant page in the personalised search. 
Post-Click Behaviour (PCB) term was introduced by Guo and Agichtein  (2012)  to 
indicate the behaviour of users during the dwell time (time spent reading the 
information retrieved). The experiments showed that post-click parameters, such as 
mouse movement on the page and combined scrolling, together with the dwell time are 
useful for enhancing document relevance prediction.   They proposed a method for 
identifying the patterns of examination and interaction behaviour associated with 
viewing relevant or non-relevant documents.   The extracted patterns were then used to 
estimate the relevance of the visited document.  The proposed method was shown to be 
more effective in estimating the document relevancy than using dwell time alone.   
White and Buscher (2012) proposed that text selection actions on the visited page 
could reflect the user interest level in the page and so could be used to enhance the 
retrieval performance. The proposed approach used the text selection events performed 
by the user on the page as an indication of the level of interest and then used the 
associated text such (e.g. the title, the snippet, or a combination of both of these), with 
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those events to model the user interest. This approach was shown to improve the 
retrieval significantly. 
 Buscher et al. (2012) analysed user behaviours such as clicks, hovers, text selection 
and cursor trails on the search engine result page ( SERPs), and used this information 
to cluster the users based on the similarity of their behaviour.  Balakrishnan and Zhang 
(2014) proposed an integrated implicit feedback model to improve the post-retrieval 
document relevancy. They combined dwell time, click-through, page review and text 
selection. Their study found that using all these parameters in a single model provides 
advantages over just using dwell time, click-through, page review and text selection 
alone. Additional statistical tests that were conducted revealed the differences to be 
significant. Furthermore, it was also found that text selection had the highest accuracy 
compared to other techniques, including dwell time and click-through, the two 
common techniques that have been extensively researched. This indicates that user’ 
post-click behaviours can be efficiently used to improve document relevance.  
  The examination of the literature on relevance feedback shows that there are 
several implicit parameters that can be used as indicators of the interest level of the 
user in assessing the document relevance. However, there is no consensus on a specific 
combination of parameters to be used to estimate the user interest or relevance levels 
for a document or an item. User behaviour could change following changes to the 
search environment or the nature of the required information.  Also, there are 
behavioural differences between individuals which could lead to differences in interest 
levels  
3.6. MACHINE LEARNING FOR RECOMMENDER SYSTEM 
In order to develop inelegant recommender systems, machine learning methods 
were used to train the computer program on example data in order to solve a given 
problem (Alpaydin 2014). Alpaydin (2014) further describes classification as one of 
the main tasks in machine learning where the computer program classifies the data 
instances into classes based on learnt classification rules (Alpaydin 2014).  There are 
a number of classifying methods which have been proposed by the research 
community and used in developing recommender systems such as decision trees, 
Bayesian methods, artificial neural networks and fuzzy rule based classification. 
Decision trees are rule based classification methods in which the rule base is 
viewed as a tree-like graph where the conditions are the parent nodes and the class are 
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the leaves (Witten and Frank 2005). The result of each parent node is a logical value 
of true or false which determines the path from the root node to the leaf. This method 
could be described as simple, easy to implement and mainly used for comparative 
purposes. However, it performs more effectively in the cases where the boundaries 
between the data categories are clear and do not include a high level of uncertainty.  
There are a number of decision tree based recommender systems that have been 
proposed. A collaborative filtering recommender system was proposed based on a 
dedicated   decision tree. More precisely, for each new item in the database a 
prediction for the customer feedback (Like/Dislike) on the features of the item was 
created based on the previous feedback from the customer and other customers who 
had previously expressed a preference for that feature (Breese et al. 1998).  Decision 
trees were also used to develop content-based recommender systems in which each 
customer was represented as a decision tree that contains the features of the preferred 
items. These features were then used to model the user preferences and splitting 
criteria (Li and Yamda  2004, Bouza et al. 2008).  In another research, a hybrid 
approach was proposed based on decision trees, the approach combined the item tree 
and user tree into one decision tree which was based on the user preferences for 
particular item features in addition to collaborative feedback from similar users 
(Gershman el al 2010). 
Naïve Bayes classifiers are simple probabilistic classifiers which are based on 
Bayes' theorem with a naïve independent assumption (Alpaydin 2014). They assume 
that the values of features are independent of each other and each feature is 
considered to contribute independently to the probability of the class. In other words, 
the classifier ignores any correlation between the features in identifying the class.  
Naïve Bayes classifiers have been used in different recommender systems (Melville, 
Mooney and R. Nagarajan 2002; Ghazanfar and Prugel-Bennett 2010; 
Namahoot, Brückner and Panawong  2015 ).  Melville, Mooney and R. Nagarajan 
(2002)  used a Naive Bayes classifier to build the profiles of users and movies into a 
hybrid recommender system to recommend movies to users. The Naive Bayes 
classifier was used to approximate the level of interest between the users and the 
movies in a user-item matrix. Ghazanfar and Prugel-Bennett (2010) combined the 
Naive Bayes classifier with collaborative filtering to achieve better accuracy in 
predicting the movies for which the user showed an interest. The Naive Bayes 
classifier was used to identify the similarities between the users profiles based on 
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similarity and closeness of the features. In a recent research, Namahoot, Brückner and 
Panawong (2015) used a Naive Bayes classifier to develop the Tourism 
Recommender System (CAT-TOURS) that support the tourist in making a decision. 
The system combined the Naive Bayes classifier with a tourism ontology to increase 
the accuracy of the classifier  
The Naive Bayes classifier, in general, is shown to be highly scalable as it is fast to 
train and to classify based on the given data. However the assumption of feature 
independences affects the interpretability of the classifying rules (Cintra et al. 2009; 
Kantor et al. 2011; Alpaydin 2014 ). Also the approach is not shown to perform well 
on uncertain data ( Cintra et al. 2009; Kantor et al. 2011; Alpaydin 2014 ).   
An artificial neural network, is a computational model that intends to simulate the 
structure and/or functional aspects of biological neural networks (Cintra et al. 2009; 
Kantor et al. 2011; Alpaydin 2014 ).  
In the artificial neural networks, the classifying function is constructed in way 
which simulates biological neural networks (Cintra et al. 2005; Kantor et al. 2011; 
Alpaydin 2014). This technique was used by Lee and Woo (2002) in their 
collaborative fitering recommender system to classify the interest level of the user in 
the features of a movie. The users in the proposed system were grouped based on their 
demographical characteristics and  within each group the users were clustered based 
on their preferences. These preferences, together with features of the movies were 
then used by the artificial neural network classifier to identify whether or not the 
movie should be recommended to the user.  
Similarly, Christakou and  Stafylopatis (2005)  used trained artificial neural 
networks in a hybrid movie recommender system to build a user-item matrix to 
classify movies based on the user preferences and the features of the movies. Ren et 
al. (2008) used an artificial neural network classifier to approximate the relevance for 
a user of the features of items for shopping applications. The relevant features were 
used to create the user profile which in turn was used to recommend the items.  
Artificial neural networks are usually used for data modelling in the cases where the 
relationship between the inputs and outputs are complex. They also can be used to 
find the common patterns with which to classify the data.  Artificial neural network 
classifiers are said to  have a high tolerance for the noise in the data and are able to 
handle the uncertainty in order to classify data on which they have not been trained. 
However, interpretability is one of the main problems of this approach and the neural 
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network based approaches are considered black box (Zhou 2004; Cintra et al. 2009; 
Kantor et al. 2011).   
Fuzzy classifying methods were used in machine learning task such as DoC-Based 
Method (Michalewicz 1996) and Wang & Mendel Method (Wang 2003). The Fuzzy 
method usually uses the fuzzy sets to convert the numerical values of the features and 
classes to linguistic labels such as “High”, ”Medium” and “Low” based on the value 
of the membership function. This label is then used to determine the extent to which 
that numerical value belongs to the fuzzy set. The combination of the linguistic 
labelled features and classes form an If->Then rule base that could be compressed in 
a group of common patterns which are used to classify the data.  
Fuzzy logic systems (FLSs) have been applied to a range of application areas in 
Information Retrieval (IR) that include personalised search and Recommender 
Systems (RS).  A single individual fuzzy based recommending method is proposed 
(Yager, 2003) called the “recursive method” in which the recommendation is created 
recursively and based on the profile of the user without making use of any other 
collaborative preferences. The fuzzy sets were used to model the recommended object 
as well as justifying the recommendations.  Cornelisa et al. (2007) proposed a fuzzy 
based conceptual framework for recommending one-and-only items. One-and-only 
items are the items which have only one occurrence in the data where the single 
occurrence of such items limits the ability of the classic collaborative filtering abilities 
to recommend the required item. Fuzzy logic was used for modelling user preference   
to justify the similarity calculation.  
Carbo and Molina (2004)   developed a collaborative filtering based algorithm in 
which the linguistic labels and the associated fuzzy sets were used to handle the 
uncertainty and inaccuracy in ranking and recommending items. A hybrid fuzzy based 
approach combining content-based and collaborative filtering was developed  to 
recommend movies to individuals based on the details of the movies, and the 
preferences of other users, (Perny and Zucker, 2001).  Here, fuzzy logic was used to 
model the similarity of the preference of individuals for a specific movie). Later, a 
similar approach was proposed by Campos, Fernández-Luna and Huete (2008). 
Doctor, Roberts and Callaghan (2009)  proposed  a fuzzy based agent to rank and to 
recommend the CVs for suitable candidates within a recruitment system. Fuzzy logic 
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was used to model the preferences of the selection board members for the required job 
and also to resolve the uncertainty and conflict in the group decision making.   
A fuzzy based method that improves the collaborative filtering efficiency in the 
context of multiple collaborating users was proposed by Eckhardt (2012). In this 
system the user was modelled using fuzzy sets in order to handle the bias and the 
uncertainty which may result when involving different users.   
Recommender systems, in general, rely heavily on the relevance feedback as a main 
data source to create the profiles as well as to build and tune up the recommending 
mechanism. This requires the classifier to have the capability to handle the uncertainty 
that the relevance feedback include in order to increase the accuracy. It also should 
provide a transparent and interpretable classifying method by which the decision 
could be justified in order to model the user judgment and decision making process. 
User interest might change from time to time which means the classifying mechanism 
should be adaptive and responsive to these changes in order to reflect the actual 
current user interest behavior.      
 Based on the critical review of a number of approaches, the fuzzy based approach 
was found to be capable in dealing with uncertainly in the data set and in the 
meantime provides interpretable data model.  Therefore, this approach will be further 
investigated and used as part of the proposed approach Fuzzy logic enables the 
modeling of uncertainty in the data which is one of the common features of user 
feedback by molding the proximity between a data instance and particular class. 
Furthermore, fuzzy based approaches produce an interpretable fuzzy rule base by 
which the result could be justified and reasoned and even compared with the common 
sense expert knowledge.  There are some other methods that can model the 
uncertainty, such as the artificial neural network methods, but as discussed above 
these method do not produce interpretable classifying rules which justify the result. 
On the other hand there are some other methods which can produce interpretable rules 
such as decision tree methods, however, they are not designed to handle the 
uncertainty and complexity associated with the data.  Naïve Bayes methods are 
described as highly scalable and fairly accurate but they do not create an interpretable 
result or consider any correlation between the features of the data.   
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In addition fuzzy logic is linked to the rule induction which is a machine learning 
area in which a rule base is extracted from a set of observations (Ishibuchi and 
Yamamoto, 2005; Cintra ,etal., 2006); Wu, Mendel and Joo, 2010) The extracted rule 
base provides a semantic representation of the relationships in the data and also 
represents the common patterns. Fuzzy rules could be extracted from the observations 
by applying a rule induction techniques such as association rule learning. This creates 
an adaptive  fuzzy classier in which the fuzzy rules change based on the changes in 
the data instances (Ishibuchi and Yamamoto 2005; Cintra et al. 2006; Wu, Mendel 
and Joo  2010). 
However, the aforementioned fuzzy approaches for recommender systems were 
mainly focused on the identification of indicators of document relevancy and user 
preferences. They did not consider combining these indicators with profiles of the 
user and/or task which may have specific relevance to the information needs of the 
enterprise. Also, many of these approaches focussed on well described content such as 
news, stories, events, and movies and not on the unstructured content (documents) 
commonly found in enterprise systems which contain less descriptive detail. In 
addition, such systems also had to contend with uncertainties (subjectivity and 
inconsistencies) in information relevance and the user’s perception of relevance in 
relation to the retrieved content. Finally, these approaches did not integrate implicit 
and explicit feedback parameters with the query text analysis in order to gain more 
reliable relevance feedback. 
3.6.1. FUZZY LOGIC   
Fuzzy Logic, a multi-valued logic, was developed in 1965   by Lotfi A. Zadeh 
(Zadeh, 1965; Zadeh, 1973; Mamdani, 1974). It enabled  intermediate values to be 
explained in the midst of traditional evaluations like true/false, yes/no, high/low, 
etc. Ideas like “somewhat longer” or “very quick” can be expressed statistically 
and administered by PCs, in order to provide a human approach in the computers 
processes (Zadeh, 1984).  
3.6.1.1. FUZZY SETS AND CRISP SETS 
Fuzzy sets are a fundamental concept in fuzzy logic. They are used to model the 
cases where the categories of the data had no clear or fixed boundaries. Fuzzy sets 
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are different to the conventional Bivalent crisp sets (Zadeh, 1965; Zadeh, 1973; 
Mamdani, 1974 ). In the crisp set the data range was decomposed into fixed and not 
overlapped sub ranges and each sub range was given a label.  For example, the 
possible values of the relevance weight r of a term to atopic are the set H of the 
real numbers between 0 and 1. A sub set of L called A can be defined  for the r 
values between 0 and 0.2. then the characteristic function of the set L is assigned a 
value of 0 or to each number of the set X based on whether they are members of L 
or not as is shown in Fig 3.4. 
 
 
FIGURE 3.4: CRISP SET 
 
Assuming that the set L reflects a low relevance between a query term and a 
specific topic, then only the terms which have r value between 0 and 0.2 will be 
given the value 1 by the characteristic function and categorised as low relevance.  
This method in categorising data might be adequate in some cases where the 
boundaries between the sub sets are clear and fixed such as the university grading 
system which identifies the student mark as pass, merit or distinction. However in 
some other cases Crisp sets are not adequate to identify the participation of a data 
instance one of the sub sets, especially when the boundaries between sub sets are 
loose and overlapped. An example of these cases is the same relevance weight 
from the last example; let’s assume that different people were asked to provide the 
relevance weight (r 0 ≤ r≤ 0.1) and the whole range was divided in the following 
subsets : VL(r 0 ≤ r≤ 0.1) to express very low, L(r 0 ≤ r ≤ 0.1) Low , M(r 0 ≤ r≤ 
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0.1) to express Medium  , H(r 0 ≤ r≤ 0.1) to express High and  VL(r 0 ≤ r≤ 0.1) to 
express Very High. In this case it should classify the value 0.21 in one of the two 
sets, Very Low and Low as the value is just on the boundary between them. .This 
uncertainty is because the value 0.21 might mean very low for one person and low 
for another, based on their subjective judgment.  As shown in Fig 3.5, Fuzzy sets 
can model these cases as they allow subsets to overlap which enables the data 
instance to participate in two different sets with different memberships. 
 
FIGURE 3.5: FUZZY SETS VL, L, M, H AND VH 
 Membership is a numerical value between 0 and 1 which indicates to what 
degree a particular data instance participates in a set. After identifying the data 
instance it is categorised by fuzzy operations. Fig 3.6 shows the difference 
between Crisp and Fuzzy sets. 
 
FIGURE 3.6: FUZZY SET AND CRISP SET 
 
Fuzzy sets extends  the  [0,1]  notion of the characteristic function in the Crisp 
sets by permitting  additional values among 0 and 1 based on the shape of the 
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membership function. As shown in Fig 3.7, Member functions for fuzzy sets can 
be defined in different ways such as Trailer, Trapezoid, S-Curve, Singleton and 
others. The Shape of the membership function used defines the fuzzy set  and 
interprets the membership value. 
 
FIGURE 3.7: MEMBER FUNCTION SHAPES B  (UNIVERSITY OF STRATHCLYDE 2015 ) 
 
Formally, the fuzzy set could be defined as: 
   “Let X be a space of points, with a generic element of X denoted by x. Thus X = {x}. 
    A fuzzy set A in X is characterized by a membership function fA(x) which associates with 
each point in X a real number in the interval [0,1], with the values of fA(x) at x representing 
the "grade of membership" of x in A. Thus, the nearer the value of fA(x) to unity, the higher 
the grade of membership of x in A “ (Zadeh, 1965). 
3.6.1.2. OPERATIONS ON FUZZY SETS 
In fuzzy logic the crisp sets logic operations x OR y, x AND y and NOT OT  are 
replaced with MAX (µA, µB), MIN(µA, µB) and 1- µA. where µA is the membership 
function of  fuzzy set A and  µB is the membership function of fuzzy set B.  Fig 3.8 
shows the fuzzy sets, A and B. and Fig 3.9 shows the operations OR and AND on 
those fuzzy sets. 
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FIGURE 3.9: FUZZY OPERATION EXAMPLE (UNIVERSITY OF STRATHCLYDE 2015) 
3.6.1.3. FUZZY CLASSIFICATION 
Fuzzy classifiers are based on a set of rules which reflect the association 
patterns between a set of inputs or features (antecedents) and outputs or classes 
(consequents). Fuzzy rules take the form of IF →THEN rule for example  “IF 
feature A low AND feature B medium AND feature C medium AND feature D 
medium THEN Class = class 4”.  
 
TABLE 3.1 : FUZZY RULES EXAMPLE 
 
 
This section provided discussed the fussy logic briefly. However more details on 
the construction of a fuzzy system will be discussed in Chapter 5 while explaining 
the proposed approach.   
 
 
3.7. CONCLUSION  
The importance and large amount of information relating to enterprises within 
organisations and available on the Internet have together created a critical need for an 
effective approach  to  retrieve the required information as quickly as possible.  
Enterprise search has a number of differences compared to the web search, which 
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makes web search engines less efficient when used in the enterprise. This means the 
traditional text-based search tools are more likely to be used for enterprise search. 
However, such tools are described as ineffective because they retrieve a large 
amount of irrelevant information which exacerbates the information overloading 
problem and limits the quality of the search result.  Although enterprise search has 
recently received more interest in the research community, the number of research 
studies are relatively limited and this area requires more studies to be performed to 
identify the most appropriate approach.   
Recommender systems performed well in different fields in the web search such as 
movies, e-shopping and books which make a promising filtering tool to plug in on the 
top of a search tool to size down the search result and in turn helps to address the 
information overloading problem.  
 Relevance feedback is the main data source of the intelligent recommending 
techniques which are used to create the required profiles and also to tune up the 
recommending mechanism. The user in the enterprise search is described as having 
more of a tendency to provide feedback than the web search user because the 
enterprise user is using the search for a particular organisational task and requires 
relevant information. Also the privacy and security concerns are considered to be less 
significant in the enterprise search because the search tools are provided by the 
organisation and so theoretically should be safe and secure. This encourages the use 
of relevance feedback for information filtering in order to enhance the retrieval 
performance of the enterprise search.  
 
The next chapter discusses the user study and experimental design.  The user study 
was the main source of relevance feedback parameters which were used to develop 
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  4. CHAPTER 4  USER STUDY 
 
4.1.  INTRODUCTION  
The literature review in chapter 3 shows that relevance feedback has been used as a 
useful tool to enhance the search experience. It is a substantial data source for search 
personalisation and recommendation systems that are widely used to tackle the 
information overloading problem. There also exist several relevance feedback 
parameters that can be used, both as indicators of the interest level of the user in the 
documents or the document relevancy. However, there is no consensus on a specific 
combination of parameters to be used to estimate the user interest or the relevance 
levels of a document or item. This chapter discusses the user study which was 
conducted as a part of the research to capture the relevance feedback from 35 users, 
during their searching process, based on an enterprise document test collection.  The 
relevance feedback was captured in order to maintain an adequate amount data for the 
profiling process in the proposed approach. It also provided the means to conduct 
empirical research, to gain a better understanding of the nature of the relationship 
between the implicit feedback, and determine the relevance level of the document 
within the context of the enterprise.  
The rest of the chapter is organised as follows: Section 4.2 introduces the user 
study and discusses the participants, dataset and search tasks. Section 4.3 discusses 
the user study experimental setups including the search system components and 
indexing process. Section 4.4 discusses the data collection and the captured data. 
Section 4.5 is the conclusion of the chapter.  
4.2. USER STUDY   
The study was carried out using a controlled observation technique (Magnusson et 
al. 2009; Gulliksen et al. 2003) in which 35 users were selected randomly and invited 
to complete a group of 20 simulated search tasks which were designed to simulate real 
world search scenarios in the enterprise. The participants were informed about the 
objective of this user study, briefed about the procedure and given protocols of these 
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tasks for the selected users to complete. During the search process the system 
automatically captured the implicit and explicit parameters in addition to user queries.  
4.2.1. PARTICIPANTS  
A group of 35 users were invited to participate in the experiments. Each user was 
briefed about the research aim and objectives, as well as the purpose of the user study. 
The experiment procedure was explained to them, including the steps within the 
experiment, the estimated time to complete the steps and how the captured data would 
be used in the research. The search tasks and the corresponding information sheet 
were given to the users to read. The tasks were then explained to them which included 
an introduction about the company CISOR, the role of the Science Communicator and 
the role responsibilities.  The users were then trained to use the provided system and 
asked to freely formulate their queries to search for information to help them find 
solutions to those tasks 
The 35 users were unpaid participants, consisting of 10 females and 25 males. The 
users were of two occupations: university students and university staff members, and 
they were of different disciplines and qualified with different degrees (including 
undergraduate postgraduate and doctorate). Table 4.1 shows the participants 
characteristics. 
4.2.2. DATASET (TREC Enterpirse Trak 2007) 
The user study was carried out using the TREC 2007 Enterprise Track dataset.  This 
dataset was selected because it is one of the most common test collections for 
enterprise search. It consists of real world organisation (CSIORO) data. CSIRO, the 
Commonwealth Scientific and Industrial Research Organisation, is the Australia's 
national science agency and one of the largest and most diverse research agencies in 
the world. It is an organisation distributed over 50 sites in Australia and around the 
world. It has 17 divisions, and has conducted research in areas such as entomology, 
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TABLE 4.1:PARTICIPANTS’ CHARACTERISTICS. 
Characteristic   #Of Participants 
Gender  Female 10 
 Male 15 
Age (20-30) 24 
 (30-40) 11 
 (40-50) 1 
Occupation  University Student  24 
 University Staff Member 11 
Education  Secondary School  6 
 Degree 8 
 Masters 14 
 PhD 2 
Nationality  UK 5 
 Jordan 20 
 Iraq 4 
 Malaysia 3 
 Romania 1 
 US 2 
 
The test collection is designed to reflect the enterprise search environment where 
the documents are heterogeneous (Bailey et.al, 2007). The dataset consists of 370,715 
documents, with a total size 4.2 gigabytes. The corpus contains different types of 
documents such as html, text, pdf and others. The data set is labelled as the test 
collection and provides a group of 50 queries which were previously created by real 
users and associated with the relevant documents for each query according to the 




















<query>hairpin RNAi / gene silencing</query> 
<narr> 







FIGURE 4.1:SAMPLE OF THE LABELLED DATA 
4.2.3. SEARCH TASKS 
The labelled data set consists of only 50 queries and provides a very limited 
relevance feedback which is the relevant documents for each query.  It does not 
provide any implicit or explicit relevance feedback. Hence, there was a need to extend 
the labelled data to include more user queries and relevance feedback.    The labelled 
dataset was extended by creating 20 simulated search tasks to be given to the users to 
complete and the provided system search system collected the relevance feedback 
during the search process. 
The search tasks were designed to simulate real world search tasks within the 
organisation. Departmental tasks for example would be taken from enterprise systems 
(e.g. Human Resources application) whereas Project based tasks would be taken from 
project management systems (e.g. work breakdown application).  The purpose of 
linking user search to the required task is to build a task based profile which reflects 
the global interest of a group of users rather than an individual user and in turn helps 
to make recommendations based on collaborative filtering as will be discussed in 
chapter 5.    
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In the designed tasks, the user is acting as a science communicator working for 
CSIRO. The Science communicator is one of the important roles in CSIRO which is 
to enhance CSIRO's public image and promote the capabilities of CSIRO by 
managing information and interacting with industry groups, government agencies, 
professional groups, media and the general public.  The description of this role shows 
the need for people who are working as communicators to obtain sufficient 
information in the right time. As a communicator, the user was asked to provide a 
number of information retrieval tasks for specific topics related to the organisation’s 
business processes. The search tasks were developed based on 25 of the provided 
queries and their corresponding narratives. The narratives provided useful information 
on the context of the query and the information needs for which the query was 
created. The motivation behind using the provided queries to develop the tasks was 
that the relevant documents for the used queries could be used for evaluating the 
proposed approach in later stages of the research. The relevant documents in the 
dataset are required to evaluate the search systems’ performance. 
   Fig 4.2 shows an example of a provided query, which corresponds to the narrative 
and relevant documents, together with the developed task based on this query. 
 
FIGURE 4.2: SAMPLE OF THE DEVELOPED TASKS 
 
The estimation of the task duration was achieved by giving each task to three 
different people to finish and then timing the duration of the task for each of them. 
Then, by taking the time average of the three the people for each task, the result 
showed the estimated time averages for the tasks to be from 5 to 10 minutes. 
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4.3. USER STUDY EXPERIMENTAL SETUP  
An enterprise standard search system was implemented and deployed to run the 
user study. However, the system was implemented only for the purpose of carrying 
out the user study and not as a part of the proposed approach. The enterprise standard 
search, which could be any enterprise search engine (e.g. Solr, Oracle or Microsoft) 
acts as a front-end to the proposed approach in order to extend the capabilities of the 
search for the enterprise user. The system was developed to allow users to search for 
the provided tasks and also to capture the relevance feedback (both implicit and 
explicit) from the users. In order to make the system easy to access for the participants 
the system was deployed on a web server and hosted by an Amazon Web Cloud 

















FIGURE 4.3: USER STUDY EXPERIMENTAL SET UP 
4.3.1.1. WEB USER INTERFACE 
A web-based graphical user interface was developed to support the purposes of the 
study. It was implemented in Java and was compatible with well-known web browsers 
such as Internet Explorer, Google Chrome and Firefox.  The interface allows the users 
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FIGURE 4.4:LOGIN SCREEN 
The user needs to provide a unique email address and name (e.g. an alias name). 
The provided email address is then used by the system to identify the user.  
After the user has logged on, they will choose the required search task.  
  
 
FIGURE 4.5: SEARCH TASKS SCREEN 
After selecting the required task, the search screen will appear to allow the user to 
apply their own queries in order to complete the task. As shown in Fig 4.6 the user 
has the ability to create the query and then press the button search and the result will 
then appear as a list of documents. The list could then be sorted by relevance, date or 
alphabetical order by title. The list could also be filtered based on the type of the 
document (e.g. pdf, doc, ppt). Finally the user can finish the task by clicking the 
button ‘Finish Task’ on the top right corner. The user can redo the task if necessary.  
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FIGURE 4.6: SEARCH SCREEN 
Once the user selects any of the documents in the search result, the document 
screen appears. As shown in Fig 4.7 the user has the ability to download, bookmark 
and print the document. The user have the choice to either; enter feedback on how 
relevant the document is to their query by selecting the button ‘Feedback’ or; choose 
to  redirect back to the feedback screen once they leave the page.    
 
FIGURE 4.7 : DOCUMENT SCREEN 
After the user has finished reading the document, they are asked to   provide their 
judgment on the document relevancy. As shown in Fig 4.8 the user is prompted to 
select a number from the list to indicate how relevant the document is to their query. 
The list consists of integer number between 1 and 10. After submitting the feedback 
the system returns the user to the search screen. However the user can also finish the 
task from this screen and the system will then return to the task screen.  
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FIGURE 4.8: EXPLICIT FEEDBACK SCREEN 
4.3.1.2. RELEVANCE FEEDBACK CAPTURING COMPONENT 
This component was developed to capture the relevance feedback during the search 
process. This component is independent of, but not isolated from, the user interface; it 
works behind the user interface and captures the readings from the screens. As shown 
in Fig 4.9, the captured relevance feedback includes implicit parameters, explicit 
parameters and user queries. The implicit parameters include: document Id; document 
hyperlink; visit time stamp; time on page; number of mouse clicks; mouse movement; 
mouse scrolling; scroll bar holding; key down times; key up times; book mark; save 
and  print. Explicitly, the users are asked to rate the visited documents indicating their 
relevance to the query. The users and their tasks are identified through their unique 
user IDs. The query information includes; query text; query time stamp and number of 
retrieved documents, based on the query.  
65 
 
An Adaptive Fuzzy Based Recommender System For Enterprise Search 
 
 
FIGURE 4.9: RELEVANCE FEEDBACK COLLECTION 
4.3.1.3. SOLR COMPONENTS 
Solr is a java-based open source enterprise-search server that operates  under an 
Apache licence. Solr can communicate using XML and HTTP and it powers the 
search facility for many public websites such as CNet, Zappos, and Netflix, as well as 
intranet sites. In addition to the standard ability to return a list of search results for a 
query, it also has various other features such as, result highlighting; faceted navigation 
(for example, the ones found on most e-commerce sites); query spell correction; auto-
suggest queries; and “more” and “like this” functions for finding similar documents.  
Apache Lucene is the core technology underlying Solr. Lucene is an open source, 
high-performance text search library which could be used to build search server. 
(McCandless, Hatcher and Gospodnetic, 2010; Apache Lucene, 2014). 
 
The following components of Solr were used:  
Document Analysis Component: No search engine indexes text directly: rather, the 
text must be broken into a series of individual atomic elements called tokens. This is 
what happens during the “Analyse Document” step. Each token corresponds roughly 
to a “word” in the language, and this step determines how the textual fields in the 
document are divided into a series of tokens preparing to add it to the index.  
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Index Writer: After the input has been analysed, it’s ready to be added to the index. 
Index-writer stores the input in a data structure known as an inverted index. The index 
is built incrementally of building blocks called segments, and each segment consists 
of a number of documents. In general, the Lucene index consists of the following 
main files: 
1. Segments file: A single file contains the active segments information for each 
index. This file lists the segments by name, and it contains the size of each 
segment. 
2. Fields information file: Documents in the index are composed of fields, and this 
file contains the information about the field. 
3. Text information file: This core index file stores all of the terms and related 
information in the index, sorted by term. 
4. Frequency file: This file contains the list of documents that contain the terms, 
along with the term frequency in each document.  
5. Position file: This file contains the list of positions at which the term occurs 
within each document. 
Query Parser: In order to process and search user’s text query, it should be 
transformed into a common search syntax form which is called query object form. For 
example, the query may have Boolean operations, phrase queries (double quoted), 
wildcard terms, etc. for expressions that might need specific processing. Solr provides 
a package to build the query called Query Parser. 
Result Renderer: This part is responsible for taking the search result as a plain list, 
and then puts it in the right order and finally passes it to the user interface. 
4.3.1.4. TIKA COMPONENTS 
Apache Tika is an open source document-acquiring and document-building server 
that is compatible with Solr since they are working under the Apache umbrella. It is 
able to acquire different types of documents using the standard library and more using 
the Plugins. (Fagin et al. 2003; Smiley and Pugh 2009) In the proposed framework, 
the document-acquiring and document-building component will be used from Tika. 
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Acquiring component:  This component is responsible to extract the Metadata as 
well as the body of the document in a form of text, and then passes them to the 
document building component.  
Document building component: The function of this component is to transform the 
document from stream-text to a field form such as: title; author; date of creation; 
body; link etc. This form will be understood by the Solr analysing component that 
will take it as input for indexing. 
4.3.1.5. RELEVANCE FEEDBACK DATABASE  
The captured feedback was stored in a relational database in order to provide an 
expressive representation of the data and the relationships between the data. For 
example, the use of a relational database enables the linking of users to: tier queries, 
completed search tasks and the documents they have visited. The database was 
designed to support the constructing of profiles in later stages, where every data point 
is reachable from: all other related data points; the visited document; the leading 
query(s); users; and the other documents which were visited for the same query, could 
be known. The relational database was implemented using oracle 11g database. 
Oracle was selected as it is available free under the oracle university license, as well 
as providing strong text and data mining libraries which were used at later stages to 
index and search the information from user queries.               
4.3.1.6.  TEST COLLECTION INDEXING  
After the system was implemented and deployed, the “TREC Enterprise 2007 
Track” was used as the dataset to be used for the search. The dataset was uploaded to 
the cloud hosting service for indexing. The dataset was provided in the form of XML 
files where each file contains thousands of documents. This required a special parser 
to be written to allow Tika to recognise where each document starts and ends. The 
indexing process took 13 hours and 23 minutes. The index size on the disc was 1 GB. 
The functionality of the system was tested on a sample of queries. The purpose of this 
test was to make sure that there were no technical errors in the system, such as the 
lack of the ability to show the visited document in the right format, especially when 
using different web browsers.  
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4.4. DATA COLLECTION  
As discussed in the literature review chapter, there are several relevance feedback 
parameters that should be captured and analysed as indicators of relevance. However, 
due to the limitations and the scope of the study such as the problem domain, available 
data set and technology, not all of these parameters were considered in this study. 
Recalling that the current study examined the relevance feedback in the enterprise 
search, puts the main focus on post-click parameters, dwell time and user query. Less 
significance was given to the click-through parameters, owing to the lack of document 
links in the user dataset. The lack of links in the documents, which is a common 
feature in enterprise documents, limited the amount and quality of the information that 
click-through parameters could have provided about the user behaviour. TABLE 4.2 
describes the selected relevance feedback parameters that were captured in this user 
study. 
TABLE 4.2: RELEVANCE FEEDBACK PARAMETERS’ DESCRIPTION 
Level Relevance Feedback Parameter Parameter Description 
Type 
Task Task ID The search task number E 
Query Query ID The automated unique Id the system gives to the query I 
 Query Text The whole query text  I 
 Timestamp The date and time of the query  I 




Dwell Time (Time On Page) The actual time that the user spent on the page. This 
means the time is only counted when the window is On 
and Focused. 
I 
 Copy Count  The number of the copy instances (if the user copied part 
of the text of the document). I 
 Mouse Click Count  The number of mouse clicks on the page whether they 
were on internal links or the other areas of the page I 
 Mouse Movement Count The number of  movements of the mouse on the page I 
 Page Up /Down Press Count The number of times that these keys were pressed  I 
 Up/ Down Arrow Press Count The number of times that these keys were pressed I 
 Up/ Down Arrow Press Holding Time The time spent  holding   these keys I 
 Mouse Scrolling Count The number of mouse scrolls on page  I 
 Scroll Bar Click Count Number of the number of the clicks on the scroll bar  I 
 Scroll Bar Holding Time The time spent  clicking  scroll bar  I 
 Bookmark If the page was bookmarked I 
 Save If the page was saved  I 
 Print If the page was printed I 
 Explicit Relevance Level The user judgment on how relevant this page was their 
query. An integer number between 1 and 10 E 
 Category :  ( I ) indicates Implicit  and ( E ) indicates Explicit  
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As discussed in section 4.2.1, the participants were given the search tasks to 
complete individually using their own queries.  During the search process; their 
feedback was captured and stored in the relevance feedback database by the system. 
The data was captured based on the parameters described in Table 4.2. However, 
there was some other identification and supporting data captured, such as the user 
email address, which was used by the system to identify the user and the search 
session to indicate the search iteration.  The system harvested 812 user queries and 
1291 document visits which gave a reasonable size of relevance feedback for 
statistical analysis and profiling.  Table 4.3 show a sample of the captured data. The 
data in the table is created by an SQL query to combine the data from different tables 
in one view.  
TABLE 4.3: SAMPLE OF RELEVANCE FEEDBACK DATA 
 
4.5. CONCLUSION  
In this chapter a user study was carried out on 35 users in order to capture adequate 
relevance feedback for constructing the required profiles. The captured data included 
implicit and explicit feedback parameters in addition to the user queries. The users 
were invited to complete simulated search tasks using their own queries and to 
interact freely with the provided search system.  The search tasks were designed to 
simulate a real life enterprise search scenarios and were developed based on the 
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dataset (TREC Enterprise Trak 2007). The user study resulted in capturing 812 user 
queries and 1291 document visits which provide a reasonable size of relevance 
feedback for statistical analysis and profiling.  
The next chapter discusses the proposed approach including its component, 
methods and implementation details.  It also discusses how the captured data was used 
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 5. CHAPTER 5:  PROPOSED APPROACH 
 
5.1. INTRODUCTION 
As discussed in the previous chapter, relevance feedback was captured by 
conducting a user study with 35 users on 20 enterprise related search tasks.  The 
captured relevance feedback containing implicit parameters, explicit parameters and 
the queries of users, provided adequate information for developing the proposed 
approach. This chapter discusses the proposed approach for the recommender system 
for enterprise search. The proposed approach provided a new mechanism for 
constructing and integrating a task, user and document profile into a unified index 
through the use of relevance feedback and fuzzy rule based summarisation.  
The recommender system helped to search for relevant documents and experts 
(people). The system filtered out irrelevant information and thus helped to overcome 
the information overloading problem in the context of enterprise search.  This led to a 
better quality of retrieved information and a saving of time and effort in searching for 
the right information in right time.  The proposed approach was designed to integrate 
the implicit and explicit relevance feedback in order to provide more accurate 
information based on user behaviour, while handling the uncertainty and the 
subjectivity in the user relevance feedback by using a fuzzy logic based mechanism. It 
created the recommendation based on the user query and its semantic relationship 
with the task, user and document.  Importantly, the proposed approach was an 
adaptive approach, as the fuzzy rules and the predictive model which were used to 
estimate the relevance, was derived from the captured data and continued to learn 
from the user behaviour.   
The rest of the chapter is organised as follows: Section 5.2 describes the proposed 
approach and its various phases. This section consists of the following subsections: 
Section 5.2.1 discusses relevance feedback collection from users of the search 
including what data was captured and how it was captured.  Section 5.2.2 discusses 
document relevancy prediction based on the developed linear predictive model. It also 
discusses how the model was developed using the correlation and regression analysis. 
Section 5.2.3 explains the Fuzzy based Task, User and document profiling process 
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and how these profiles were created and structured.  Section 5.2.4 discusses the Fuzzy 
combined Weight calculation and UTWI creation, based on the fuzzy rules 
summarization approach. It also describes the iterative training and validation process 
for the applying of the rules summarization approach, in order to extract the best set 
of rules for combined weight calculation.  Section 5.2.5 discusses how the 
recommendations were created based on the relevance between the user query and the 
relevant search task, user and document. Section 5.2.6 describes how the 
recommendations were presented to the user through a web based user interface. 
Section 5.4 discusses the implementation of the proposed system which provides a 
description of the lower level implementation of the system and consists of the 
following subsections: Section 5.3.1 which describes the linear predictive model 
implementation; Section 5.3.2 which describes the implantation of the fuzzy based 
profiles constructing components; Section 5.3.3 which explains how the UTWI was 
implemented;  Section 5.3.4 which describes the implantation of the recommendation 
creation and finally, Section 5.4 which is the conclusion of the chapter. 
5.2. PROPOSED APPROACH 
The large amount of digital information available in enterprises often causes 
information-overload, significantly increasing the amount of time and cognitive 
resources needed to acquire relevant and accurate information.  This creates an urgent 
need for developing intelligent approaches that could help provide better search result 
quality by omitting irrelevant information decreasing the information overloading and 
saving time and effort. In the enterprise context, people in similar roles are likely to 
have similar interests and so could be searching for similar information. The search 
history for people in similar roles and the documents they have previously selected 
could enable recommendations of documents and people to be made based on  the 
relevance feedback given when searches are being performed by other users in that 
role. However, in different cases in enterprise search, using a pure recommending 
approach such as collaborative filtering, content based filtering or a combination of 
these (i.e. hybrid approach) is not enough to meet the information needs of the users.  
For example, if a customer relationship or call centre staff member needed to answer a 
specific query about a technical problem or financial issue and this staff member is not 
part of the technical or financial team, then that staff member will not be able to get to 
the required recommended document and people. A good approach would be to 
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provide to the staff member the required information for the query by finding the 
relevant role first and then creating the recommendation based on that role.  
As shown in Fig.5.1, the proposed approach combines the traditional information 
retrieval process which retrieved the relevant items based on a given user query and 
the recommendation process. This then created the recommendations based on the 
similarity between the users (e.g as in collaborative filtering), and/or between the user 
and the items, as in the content based approach.  The search process in the proposed 
approach started by retrieving the relevant search tasks for a given user query and then 
based on the retrieved search tasks, the relevant documents and experts are 
recommended. The system created the recommendations based on a hybrid 
recommendation approach which combined the collaborative filtering collaborative 
(CF) and content based (CB) recommendation approaches.  It used collaborative 
filtering to create task and document profiles and it also used the document profile, in 
order to provide a description of the features for the content of the item.         
       
FIGURE 5.1 : PROPOSED APPROACH 
 
It provided an intelligent adaptive and fuzzy based mechanism for recommending 
documents and people in an enterprise search context. In this mechanism, the relevance 
feedback from the user query was used as the main data source for developing a task, 
user and document profile. The task profile was modelled as a sequence of weighted 
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terms. The term weight reflected the relevance level of the term to the task, user and 
document profile. However, relevance feedback involved a high level of uncertainty 
owing to the inconsistency in user behaviour and subjectivity in their assessment of 
relevancy (Grzywaczewski & Iqbal, 2012). Therefore, handling such uncertainty was 
crucial to achieve better performance.  A Fuzzy approach was used to overcome the 
uncertainty and bias in the user judgment in order to provide a normalized ranking 
method for recommendations in the enterprise search.  The proposed approach 
consisted of six phases as shown in Fig.5.1.  
The approach has the following advantages:  
• Uncertainty handling: The fuzzy based mechanism helped to handle the 
uncertainty and the subjectivity of the user relevance feedback which provided 
a more realistic estimation of the relevance between the user query and the 
documents.         
• Semantic based recommendation: The unified index enabled the creation of 
the recommendations based on the user query and the semantic relationship 
between the tasks, users and documents. 
• Implicit and explicit integration: The proposed approach integrated the 
implicit and explicit relevance feedback parameters in order to produce a more 
accurate estimation of the document relevancy. However, to overcome the 
user unwillingness to provide explicit feedback, the approach captured it 
temporarily in order to retrain a predictive model in response to the changes in 
the data. 
• Adaptivity: The approach was adaptive as the both linear predictive and the 
unified term weight calculation fuzzy rules were derived from the data and 
adapted according to significant changes in the common patterns within the 
data.  
5.2.1. PHASE 1: RELEVANCE FEEDBACK COLLECTION  
In this phase the relevance feedback was captured from the users during the search 
process. The captured relevance feedback included implicit parameters, explicit 
parameters and user queries. The implicit parameters included: document id, 
document hyperlink, visit time stamp, time on page, number of mouse clicks, mouse 
movement, mouse scrolling, scroll bar holding, key down times, key up times, book 
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mark, save, and  print. Explicitly, the users were asked to rate the visited documents 
indicating their relevance to the query. The users and their tasks were identified 
through their unique user IDs. The query information included: query text, query time 
stamp and the number of retrieved documents based on the query.  
 
 
FIGURE 5.2 : RELEVANCE FEEDBACK COLLECTION 
5.2.2. PHASE 2: DOCUMENT RELEVANCE PREDICTION 
 In this phase the relevance level of the visited document was predicted from the 
implicit feedback parameters. The predicted value was calculated by a linear 
predictive model which was developed using linear regression analysis. In linear 
regression analysis, regression models involved three types of parameters. 
The unknown parameters were also known as Coefficients (β), the independent 
variables were also known as Predictors (X), and the dependent variable was also 
known as Target (Y). A linear regression model related Y to a function of X and β 
(Mandel,2012) 
 
𝒀𝒀 ≈  ƒ (𝑿𝑿,𝜷𝜷) ( 5.1) 
The approximation is usually formalised as E(Y | X) = f(X, β). In the more general 
multiple linear regression model with N independent variables and one dependent 
variable: 
𝒀𝒀� =  𝜷𝜷° + �𝜷𝜷𝒊𝒊𝑿𝑿𝒊𝒊
𝑵𝑵
𝒊𝒊=𝟏𝟏
 .𝟏𝟏 ≤ 𝒊𝒊 ≤ 𝑵𝑵 
( 5.2) 
 
Where 𝒀𝒀� is the fitted predicted value of the dependent variable,  𝜷𝜷° is the intercept, 
𝜷𝜷𝒊𝒊 is the variable coefficient,  𝑿𝑿𝒊𝒊 is the values of independent variable N is number of 
the independent variables. 
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In the approach, the model is developed using the following steps: 
 Step 1, Training Set Creation, in this step the training data set was created by 
associating the values of the implicit feedback parameters, which are discussed in 
phase 1, with the value of explicit relevance level for each document visit instance. As 
shown in Fig.5.3, the implicit and explicit parameters were categorised into 
independent variables (IV) or Predictors and dependent Variable (DV) or Target. The 
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Copy Count 
Mouse Click Count 
Mouse Movement Count 
Page Up /Down Press Count 
Up/ Down Arrow Press Count 
Up/ Down Arrow Press Holding Time 
Mouse Scrolling Count 
Scroll Bar Click Count 




FIGURE 5.3 : PREDICTORS & TARGET 
 
Step 2, Correlation Analysis, in this step the correlation analysis was carried out to 
extract only those independent variables (predictors) which have a significant 
correlation with the dependent variable (Target) and so considered for further 
analysis. Table 5.1 shows the correlation between the implicit parameters and the 
Explicit Relevance Level which was the explicit relevance feedback that the user was 
asked to provide. The value in each cell reflects the level of correlation between 
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Time On Page  
1 .019 .268** .592** .103** .012 .019 .318** .136** .094** .069* -.024 .040 .025 .127** .144** 
Copy Count  .019 
1 .165** .017 -.004 .010 .023 .021 .137** .292** .047 .055 .154** -.089** .037 -.030 
Mouse Click Count  
.268** .165** 1 .477** .067* .022 .037 .264** .180** .233** .247** .060 .193** -.107** .164** .170** 
Mouse Movement Count 
.592** .017 .477** 1 .060 -.030 -.026 .404** .096** .058 .148** -.019 .054 -.013 .196** .202** 
Page Up Down Press Count 
.103** 
-.004 
.067* .060 1 -.005 -.005 .002 .135** .073* -.015 -.008 -.003 -.067* -.011 -.007 
Up Down Arrow Press Count 
.012 .010 .022 -.030 -.005 1 .981** -.024 .159** .149** -.023 -.014 .016 -.141** -.038 -.032 
Up Down Arrow Press Holding Time 
.019 .023 .037 -.026 -.005 .981** 1 -.019 .191** .186** -.022 -.015 .033 -.150** -.044 -.027 
Mouse Scrolling Count 
.318** .021 .264** .404** .002 -.024 -.019 1 .045 .039 .139** .012 .052 -.028 .172** .189** 
Scroll Bar Click Count 
.136** .137** .180** 
.096** 
.135** .159** .191** .045 1 .855** .050 .042 .177** -.079* -.039 -.042 
Scroll Bar Holding Time 
.094** .292** .233** .058 .073* .149** .186** .039 .855** 1 .092** .080** .321** -.079* -.027 -.038 
Bookmark 
.069* .047 .247** .148** -.015 -.023 -.022 .139** .050 .092** 1 .333** .094** -.064* .283** .283** 
Save 
-.024 .055 .060 -.019 -.008 -.014 -.015 .012 .042 .080** .333** 1 .202** -.040 .136** .143** 
Print 
.040 .154** .193** .054 -.003 .016 .033 .052 .177** .321** .094** .202** 1 -.033 .024 .014 
Explicit Relevance Level 
.144** -.030 .170** .202** -.007 -.032 
-.027 
.189** -.042 -.038 .283** .143** .014 .083** .945** 1 
Visit Time stamp 
.025 -.089** -.107** -.013 -.067* -.141** -.150** 
-.028 
-.079* -.079* -.064* -.040 -.033 1 .077* .083** 
Explicit Search Result Satisfaction 
Level .127** .037 .164** .196** -.011 -.038 -.044 .172** -.039 -.027 .283** .136** .024 .077* 1 .945** 
**. Correlation is significant at the 0.01 level (2-tailed).                                                          Correlation is significant at the 0.05 level (2-tailed). 
 
 
The correlation analysis showed that candidate parameters for a linear relationship 
with the explicit relevance level of the document were: Dwell Time (Time on Page), 
Mouse Click Count, Mouse Movement Count, Mouse Scrolling Count, Save, Print 
and Visit Time Stamp. These parameters were considered in the regression analysis in 
the next step. 
 
Step 3, Linear Predictive Model Development, in this step, the relevance level of the 
visited document was predicted from the implicit feedback parameters. The predicted 
value was calculated by the linear predictive model which was developed using the 
linear regression analysis. 
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   The candidate parameters for a linear relationship with the explicit relevance level 
of the document were: Dwell Time (Time on Page), Mouse Click Count, Mouse 
Movement Count and Mouse Scrolling Count. The, Save, Print and Visit Time Stamp 
were considered Predictors and the explicit relevance level was considered as Target 
in the regression analysis. The regression analysis was carried out using IBM-SPSS-
Statistics Version 22. Table 5.3 show the result of the analysis only the variables with 
a significance level ≥ .05 were considered as predictors in the predictive model. 
Table 5.2 Coefficients for the Target Explicit Relevance Feedback 
TABLE 5.2 : COEFFICIENTS FOR THE TARGET EXPLICIT RELEVANCE FEEDBACK 
 Model Term  Coefficient (𝜷𝜷𝒊𝒊)  Sig Importance 
Intercept (𝜷𝜷°) 1.395  .000 - 
Time on Page (X1) .0.069 (𝜷𝜷𝟏𝟏) .021 0.893 
Mouse Scroll Count (X2) 0.013 (𝜷𝜷𝟐𝟐) .012 0.079 
Mouse Movement Count (X3) 0.113 (𝜷𝜷𝟑𝟑) .031 0.028 
 
Substituting the values form the table in Equation (5.2), the predictive linear model 
for explicit relevance level becomes: 
  
𝒀𝒀�=  1.395 +  (X1  ×  .0.069) + ( X2  ×  .0.069 )+  (  X3 ×  .0.069 ) ( 5.3) 
 
Then the importance of each predictor is used to normalize the value: 




Step 4, Model Validation, in this step the model is validated using R-squared R2 
method which is a common accuracy validating method for regression models β 
(Mandel, 2012). The validation method and results is discussed in more details in 
Chapter 6. 
5.2.3. PHASE 3: FUZZY BASED TASK, USER AND DOCUMENT 
PROFILING  
In this phase, three types of profiles were created: the search task profile, the user 
profile and the document profile. The profiles were created by employing an adaptive 
fuzzy logic approach. The approach was based on the method suggested by (Li & Kim, 
2004) and modified to suit the query text analysis. The following sub sections describe 
the construction of the three profiles.  
79 
 
An Adaptive Fuzzy Based Recommender System For Enterprise Search 
 
 
FIGURE 5.4 :FUZZY BASED TASK, USER AND DOCUMENT PROFILING 
5.2.3.1. USER PROFILE 
The user   profiles were constructed using the information behaviour of users and 
their interest relevant to the search tasks they performed. In the profile each user is 
represented as a set of weighted terms which represent their interest.  More precisely, 
the follow steps were followed to develop the user profile: 
Step 1, A set of queries 𝑸𝑸 which led to document visits was selected.  
Step 2, A set of all users U was selected and for each user 𝑼𝑼𝑲𝑲 ∈ 𝑼𝑼  the following steps 
were carried out:  
Step 3, a subset Ω𝑼𝑼𝒌𝒌of the query set 𝑸𝑸 is identified by selecting the queries that the 
user  Uk  has created. 
Step 4, after identifying the sets Ω𝑼𝑼𝒌𝒌  in step 3, the queries in the set were pre-processed 
and transformed into a set of candidate terms through eliminating stop-words and 
stemming by Porter's algorithm (Porter, 1980).  
Step 5, the frequency measures: Distributed Term Frequency DTF, Document 
Frequency (DF), and Inverse Document Frequency (IDF) of each candidate term were 
calculated and normalized based on each set Ω𝑼𝑼𝒌𝒌  and used as inputs to a fuzzy system 
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for calculating a weight for each term.  
These frequency measures were used to calculate the term frequency in a document 
collection. However, they were also used in a collection of user queries where each 
user query could be considered as a document in order to calculate the frequency of the 
query terms  ( Poblete & Baeza-Yates, 2008).  Based on that and in this step only,   
both terms: ‘document’ and ‘query’ refer to the user query. The  DTF reflects the 
frequency and distributed status of a term in a set of user queries. This was calculated 
by dividing total occurrences of the term in the query set Ω𝑼𝑼𝒌𝒌  by the number of the 
queries which contained the term in the set Ω𝑼𝑼𝒌𝒌. The DF represents the frequency of 
queries having a specific term within the set 𝑸𝑸. The Normalized Document Frequency 
(NDF), is defined in Equation (5.5). 
 










Where, TFi is the frequency of term ti in the query set Ω𝑼𝑼𝒌𝒌, DFi is the number of 
queries having term ti in the query set Ω𝑼𝑼𝒌𝒌   . i and j = 1 to M where M is the number of 
the terms in the set Ω𝑼𝑼𝒌𝒌 . NDF, is defined in Equation (5.6). 





Where; DFi is the number of queries having term ti in the in the query set Ω𝑼𝑼𝒌𝒌. 
The IDF represents the frequency of the term in the query set 𝑸𝑸 rather than the set 
Ω𝑼𝑼𝒌𝒌. IDF was used to identify the terms which appear in many queries which might 
relate to different tasks, users and documents. These terms are not very useful for 
representing the relevance level and consequently they will be given a less weight than 
the others. The Normalized Inverse Document Frequency (NIDF) is defined as follows: 
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁
𝑀𝑀𝑀𝑀𝑀𝑀𝑗𝑗 𝑁𝑁𝑁𝑁𝑁𝑁𝑗𝑗




 ( 5.7) 
Where, N is the total number of queries in 𝑸𝑸 and ni is the number of queries in 𝑸𝑸 in 
which the term ti appears. 
 
Step 6, in this step, the crisp values of the three input variables (NDTF, NDF, and 
NIDF) were fuzzified and mapped to sets of predefined fuzzy sets. As shown in Fig. 
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5.5. a, NDTF and NIDF have three linguistic labels { S(Small), M(Middle), L(Large) 
}, and NTDF as has two linguistic labels   { S(Small), L(Large) }. As shown in Fig. 
5.5. b, the output variable TW has six fuzzy sets associated with six linguistic labels 
{Z(Zero), S(Small), M(Middle), L(Large), X(Xlarge), XX(XXlarge) }.  
 
  
a).Input Variables b). Output Variable TW 
FIGURE 5.5: FUZZY SETS FOR INPUT VARIABLES 
Step 7, in this step, the 18 ‘If →Then’   fuzzy rules which are described by Ishibuchi 
and  Yamamoto  (2005)  were used to infer a fuzzy term weight (TW) for the term ti. 
These rules were constructed based on the assumption that the important or 
representative terms occurred across many queries in the representative query set Ω𝑼𝑼𝒌𝒌 
but not in the whole selected query set  𝑸𝑸. In other words these terms have high NDF 
and NIDF values and low NTDF values. For example, as shown in Fig. 5.6, when NDF 
of a term is high and its NIDF is also high, the term is considered as a representative 
keyword so the output weight  is between X and XX. 
  
FIGURE 5.6 : WT CALCULATION FUZZY RULES 
Step 8, the output of step 7, TW, was defuzzified using the center of gravity (COG) 
method in order get a crisp weight  𝑁𝑁𝑇𝑇𝑈𝑈𝑘𝑘𝑡𝑡𝑖𝑖 for each term to be added to the profile 
associated with the collection  Ω𝑼𝑼𝒌𝒌.  
Step 9, in this step the term ti with its weight 𝑁𝑁𝑇𝑇𝑈𝑈𝑘𝑘𝑡𝑡𝑖𝑖 was added to the profile being 
created. However, as the system was used, more relevance feedback, including user 
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queries was captured and the system calculated new weights if the term frequencies 
changed. The profile was then updated by changing the term weight(s) to the new 
value(s).  
More formally, let’s assume 𝑃𝑃𝑈𝑈𝑘𝑘was the profile associated with the collection Ω𝑼𝑼𝒌𝒌 
and M was the number of terms in Ω𝑼𝑼𝒌𝒌 then the profile 𝑃𝑃𝑈𝑈𝑘𝑘  is defined as a set of 
weighted terms as follows: 
𝑃𝑃𝑈𝑈𝑘𝑘 =  �𝑡𝑡𝑁𝑁𝑁𝑁𝑇𝑇𝑈𝑈𝑘𝑘𝑡𝑡𝑁𝑁
𝑀𝑀
𝑁𝑁=1
 ( 5.8) 
As described in the previous steps, this phase resulted in the creation/updating of 
profiles for the users in the data set. The profiles were stored in a database table as 
shown in the Table 5.3. 
 
TABLE 5.3 : SAMPLE OF USER PROFILE 
User ID Term Term Weight 
***569@coventry.ac.uk OCEAN 0.571067496 
***569@coventry.ac.uk CURRENT 0.532861611 
***569@coventry.ac.uk CONDITION 0.50125059 
***569@coventry.ac.uk DIET 0.592570996 
***569@coventry.ac.uk ASSESSMENT 0.57609926 
***569@coventry.ac.uk PRODUCT 0.564558761 
***569@coventry.ac.uk LIFECYCLE 0.564558761 
5.2.3.2. TASK PROFILE 
In the task profile, each task was represented as a set of weighted terms that have 
been used to complete the search task. The weight reflected the relevance between each 
of these terms and the search tasks.  The following steps were followed to construct 
task profile. 
Step 1, a set of queries 𝑸𝑸 which led to document visits was selected.  
Step 2, a set of all Tasks S was selected and each for each task  𝑺𝑺𝒚𝒚 ∈ 𝑺𝑺 the following 
steps were carried out: 
Step 3, a subset Ω𝑺𝑺𝒚𝒚of the query set 𝑸𝑸 is identified by selecting the user queries that 
were created to complete task  𝑺𝑺𝒚𝒚 . 
Step 4, after identifying the sets Ω𝑺𝑺𝒚𝒚  in step 3, the queries in the set were pre-processed 
and transformed into a set of candidate terms through the same method as mentioned in 
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Step 4 of User profile.  
Step 5, the frequency measures: Distributed Term Frequency DTF, Document 
Frequency (DF), and Inverse Document Frequency (IDF) of each candidate term were 
calculated and normalized based on each set Ω𝑺𝑺𝒚𝒚  and used as inputs to a fuzzy system 
for calculating a weight for each term.  
Step 6, in this step, the crisp values of the three input variables (NDTF, NDF, and 
NIDF) were fuzzified and mapped in the same way as in step 5 of user profile 
subsection.  
Step 7, in this step, the 18 ‘If →Then’   fuzzy rules were used, which are described in 
step 7 of  user profile constructing  to infer a fuzzy term weight (TW) for the term ti.  
Step 8, the output of step 7, TW, was defuzzified using the center of gravity (COG) 
method in order get a crisp weight  𝑁𝑁𝑇𝑇𝑆𝑆𝑦𝑦𝑡𝑡𝑖𝑖 for each term to be added to the profile 
associated with the collection  Ω𝑺𝑺𝒚𝒚. 
Step 9, in this step the term ti with its weight 𝑁𝑁𝑇𝑇𝑆𝑆𝑦𝑦𝑡𝑡𝑖𝑖 was added to the profile being 
created. However, as the system was used, more relevance feedback, including user 
queries was captured and the system calculated new weights if the term frequencies 
changed. The profile was then updated by changing the term weight(s) to the new 
value(s).  
More formally, let’s assume 𝑃𝑃𝑆𝑆𝑦𝑦was the profile associated with the collection 
Ω𝑺𝑺𝒚𝒚and M was the number of terms in Ω𝑺𝑺𝒚𝒚then the profile 𝑃𝑃𝑆𝑆𝑦𝑦  was defined as a set of 
weighted terms as follows: 
𝑃𝑃𝑆𝑆𝑦𝑦 =  �𝑡𝑡𝑁𝑁𝑁𝑁𝑇𝑇𝑆𝑆𝑦𝑦𝑡𝑡𝑁𝑁  
𝑀𝑀
𝑁𝑁=1
 ( 5.9) 
As described in the previous steps, this phase resulted in creating and updating 
profiles for the Tasks in the data set. The profiles were stored in a database table as 
shown in the Table 5.4. 
 
TABLE 5.4 : SAMPLE TASK PROFILE 
Task Id Term Term Weight  
T1 TECHNOLOGY 0.363189988 
T1 GENE 0.309313589 
T1 RNAI 0.129074074 
T1 MODIFY 0.094116972 
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T1 COTTON 0.090064157 
T1 BIOTECHNOLOGY 0.088960647 
T1 GENETICALLY 0.077359248 
T1 FOCUS 0.039090293 
5.2.3.3. DOCUMENT PROFILE 
In the document profile, each document was represented as a set of weighted terms 
that were used by the users to retrieve the document relevant to their tasks. The weight 
reflected the relevance between each of these terms and the documents.  The following 
steps were followed to construct document profile. 
Step 1, a set of queries 𝑸𝑸 which led to document visits was selected. 
Step 2, a set of all visited Documents D was selected and each for each task  𝑫𝑫𝒈𝒈 ∈ 𝑫𝑫 
the following steps were carried out: 
Step 3, a subset Ω𝑫𝑫𝒈𝒈of the query set 𝑸𝑸 was identified by selecting the user queries that 
have led to visit the document 𝑫𝑫𝒈𝒈 . 
Step 4, after identifying the set Ω𝑫𝑫𝒈𝒈in step 3, the queries in the set were pre-processed 
and transformed into a set of candidate terms through the same method mentioned in 
Step 4 of User profile.  
Step 5, the frequency measures: Distributed Term Frequency DTF, Document 
Frequency (DF), and Inverse Document Frequency (IDF) of each candidate term were 
calculated and normalized based on each set Ω𝑫𝑫𝒈𝒈  and used as inputs to a fuzzy system 
for calculating a weight for each term.  
Step 6, in this step, the crisp values of the three input variables (NDTF, NDF, and 
NIDF) are fuzzified and mapped in the same way in step 5 in user profile constructing.  
Step 7, in this step, we used the 18 ‘If →Then’   fuzzy rules which are described in 
step 7 of user profile constructing  to infer a fuzzy term weight (TW) for the term ti.  
Step 8, the output of step 7, TW, was defuzzified using the center of gravity (COG) 
method in order get a crisp weight  𝑁𝑁𝑇𝑇𝐷𝐷𝑔𝑔𝑡𝑡𝑖𝑖  for each term to be added to the profile 
associated with the collection  Ω𝑫𝑫𝒈𝒈 . 
Step 9, in this step the term ti with its weight TWDgtiwas added to the profile being 
created. However, as the system was used, more relevance feedback, including user 
queries was captured and the system calculated new weights if the term frequencies 
changed. The profile will then be updated by changing the term weight(s) to the new 
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value(s).  
More formally, let’s assume 𝑃𝑃𝐷𝐷𝑔𝑔is the profile associated with the collection Ω𝐷𝐷𝑔𝑔and 
M is the number of terms in ΩDgthen the profile 𝑃𝑃𝐷𝐷𝑔𝑔 is defined as a set of weighted 
terms as follows: 
𝑃𝑃𝑁𝑁𝐿𝐿 =  �𝑡𝑡𝑁𝑁𝑁𝑁𝑇𝑇𝑁𝑁𝐿𝐿𝑡𝑡𝑁𝑁
𝑀𝑀
𝑁𝑁=1
 ( 5.10) 
As described in the previous steps, this phase results in creating/updating profiles 
for the documents in the data set. The profiles were stored in a database table as shown 
in the Table 5.5. 
TABLE 5.5 : SAMPLE OF THE DOCUMENT PROFILE 
Doc URL Term Term Weight 
CSIRO000/CSIRO000-00000000.html DIET 0.592570996 
CSIRO000/CSIRO000-00000000.html WELLBEING 0.520925064 
CSIRO000/CSIRO000-00000000.html TOTAL 0.511938243 
CSIRO000/CSIRO000-00000000.html DEVELOPMENT 0.5 
CSIRO000/CSIRO000-00000000.html DIETARY 0.5 
CSIRO000/CSIRO000-00000000.html TRIAL 0.5 
CSIRO000/CSIRO000-14537203.html HUMAN 0.592559456 
CSIRO000/CSIRO000-14537203.html CLINIC 0.53027557 
5.2.4.  PHASE 4: FUZZY COMBINED WEIGHT CALCULATION & 
UNIFIED TERM WEIGHT INDEX (UTWI) CREATION  
In this phase the task, user and document profiles were combined in one index which 
was called the Unified Term Weight Index (UTWI) which was used as a similarity 
matrix for the recommender system. In this index each term had a unified weight per 
task, user and document. If term ti was used by user Uk to retrieve the document Dg in 
order to complete the search task Sy then the unified term weight for ti is Wiykg. This 
meant that the new weight considered the relevance between the term and the whole 
combination of the three factors; the user, the document and the task.  This phase 
included the following steps: 
Step 1, Fuzzy rules Extraction, let’s say that V is the set of document visits in the 
data set which contains H visits, then Vh is the document visit instance where h= 1 to 
H. Each Vh is associated with the user query Qe which led to this visit where e=1 to E 
and E is the number of queries in the dataset, the search task it occurred in Sy, the user 
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who made this visit Uk, the visited document Dg and the predicted relevance feedback 
Rh (see output of phase 2).  Qe consists of Z terms where tez is the query term in Qe and 
z =1 to Z. Then each tez is associated with its weight W in each of the profiles of Sy, Uk, 
and Dg that were computed in phase 3. These three weights are associated with the 
predicted relevance Rh. As a result, each term tez is represented as a set of four values 
{𝑾𝑾𝒔𝒔𝒚𝒚𝒕𝒕𝒎𝒎𝒎𝒎, 𝑾𝑾𝒖𝒖𝒚𝒚𝒌𝒌𝒕𝒕𝒎𝒎𝒎𝒎 , 𝑾𝑾𝒅𝒅𝒚𝒚𝒈𝒈𝒕𝒕𝒎𝒎𝒎𝒎, Rh }. If we consider the three first weights as inputs and 
the Rh as a result, then we have a sequence of  three input values and one result value 
{ 𝑾𝑾𝒔𝒔𝒚𝒚𝒕𝒕𝒎𝒎𝒎𝒎, 𝑾𝑾𝒖𝒖𝒌𝒌𝒕𝒕𝒎𝒎𝒎𝒎 , 𝑾𝑾𝒅𝒅𝒈𝒈𝒕𝒕𝒎𝒎𝒎𝒎 → Rh }  for each instance in dataset. 
The inputs  and output values were mapped to predefined fuzzy sets with the 
linguistic labels ‘Low’ (L), ‘Medium’ (M) and ‘High’ (H) based on Mendel Wang 
method described in (Wu,  Mendel, and  Joo, 2010). As shown in Fig 5.7 ,in the 
proposed system, the shapes of the membership functions for each fuzzy set were 
based on triangle MFs.  
A triangular MF is specified by three parameters {a, b, c} as in Equation (5.11). 
Fig.5.7 illustrates a triangular MFs defined by triangle for the fuzzy sets.  
 






0,                    𝑀𝑀 ≤ 𝑀𝑀.
𝑀𝑀 − 𝑀𝑀
𝑏𝑏 − 𝑀𝑀  , 𝑀𝑀 ≤ 𝑀𝑀 ≤ 𝑏𝑏.
𝑐𝑐 − 𝑀𝑀
𝑐𝑐 − 𝑏𝑏 ,           𝑏𝑏 ≤ 𝑀𝑀 ≤ 𝑐𝑐.
0,                    𝑐𝑐 ≤ 𝑀𝑀.
 ( 5.11) 
Where the parameters {a, b, c} (with a < b < c) determine the x coordinates of the 
three corners of the underlying triangular MF.  
 
FIGURE 5.7 : FUZZY SETS FOR INPUT AND OUTPUT VARIABLES 
 
 The outcome from this step was a set of antecedents and consequents also called 
‘if →then’ fuzzy rules where each of the inputs and the outputs were represented by 
the associated linguistic label as shown in TABLE 5.6 If B is the linguistic label 
{‘L’,’M’,’H’} of the value of each of the inputs and the output then the fuzzy rule 
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FRh is:  
𝐵𝐵 �𝑇𝑇𝑠𝑠𝑦𝑦𝑡𝑡𝑚𝑚𝑚𝑚� ,𝐵𝐵�𝑇𝑇𝑢𝑢𝑘𝑘𝑡𝑡𝑚𝑚𝑚𝑚�,𝐵𝐵 �𝑇𝑇𝑑𝑑𝑔𝑔𝑡𝑡𝑚𝑚𝑚𝑚� → 𝐵𝐵(𝑅𝑅𝒉𝒉) (5.12) 
 
TABLE 5.6 : SAMPLE OF THE EXTRACTED FUZZY RULES 
 
 
Step 2, Best Fuzzy Rules Set Selection, in this step a K-fold of five folds (k=5) 
training and validation method was applied in order in  select the rule set that achieves 
a high level of accuracy in classifying the relevance between the term and the 
document in a particular visit. This method will be discussed in details and numbers in 
Section 6.4 of the results and evaluation chapters.  However, the applied method 
included the following sub steps: 
Step 2.1, Dataset partitioning, in this step, the fuzzy rules set which resulted 
from Step1 was partitioned into five equal sized folds and for each fold the 
following steps: (Step 2.2 , Step 2.2 , Step 2.2 , Step 2.2) were carried out. 
Step 2.2, Training rules set selection, in this step the training rules set was 
selected  by holding out the current fold (kj) The validation process was carried 
out in  k iterations and  in each iteration j : 1 to k the subset  kj  was held out and 
called hold-out set Dh. The reset of the subsets were grouped in a training set Dt 
= D – kj .  
Step 2.2, Compression of Fuzzy Rules, in this step, a rule compression was 
performed on the fuzzy rules in the training set Dt. This was done in order to 
extract those rules with the maximum firing strength. The rule compression 
User Task Document Term Wu WT WD → R
U1 T2 11884897.html PUBLICATION H M M → L
U2 T20 09530858.html PUBLICATION M M M → H
U3 T3 15292585.html DIFFER M M M → M
U4 T3 15292585.html SHEET M M H → M
U5 T3 15292585.html TRIAL M M M → M
U3 T6 01314419.html DIETARY M M H → L
U5 T2 01314419.html TOTAL L M M → H
U6 T17 03452997.html LEAD M M H → H
U7 T10 11659583.html TOTAL M M H → L
U8 T6 03288103.html CARBON L M H → M
U9 T2 13286918.html FIRE H M H → L
U2 T20 01037988.html COPPER M M H → M
U10 T17 04945868.html CARBON L M H → H
U10 T17 04945868.html PROJECT L M M → H
U11 T11 04945868.html YARN L M M → L
U10 T17 04945868.html YARN M M M → H
U6 T19 13878470.html BITE M M M → L
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technique was adopted from Wu, Mendel, and  Joo, (2010), and used later  by 
(Doctor and Iqbal 2012;Iqbal et al. 2014)  It was based on two quality measures, 
namely generality and reliability, for each unique rule pattern. Generality refers 
to the number of instances representing the rule pattern (Wu, Mendel and Joo, 
2010). Reliability reflects the confidence level in the rule pattern. Both 
generality and reliability were used to calculate the scaled weight of each unique 
rule pattern.    
The rule generality was measured using a scaled fuzzy support. The scaled 
fuzzy support was a frequency ratio of a unique rule pattern in a set of rules 
having the same consequent as shown in Equation (5.13) and was based on the 
calculation described in (Ishibuchi & Yamamoto, 2005). In the proposed 
approach, it was used to identify and eliminate duplicate instances by 




𝑪𝑪𝑪𝑪𝑭𝑭𝑭𝑭𝒍𝒍  + 𝑪𝑪𝑪𝑪𝑭𝑭𝑭𝑭� 𝒍𝒍  
  (5.13) 
Where l =1 to M , l is the index of the rule FRl is a unique antecedent 
combination associated with the consequent linguistic label B (unique rule 
pattern) and 𝑪𝑪𝑪𝑪𝑭𝑭𝑭𝑭𝒍𝒍  is the number of instances which support the rule pattern FRl 
in the data set. 𝑭𝑭𝑭𝑭� 𝒍𝒍  is the set of the other antecedents combination which are 
different to FRl but have  the  same consequent as of FRl.  𝑪𝑪𝑪𝑪𝑭𝑭𝑭𝑭� 𝒍𝒍  is the number 
of the instances which support these other combinations 𝑭𝑭𝑭𝑭� 𝒍𝒍. 
The confidence of a rule is a measure of a rule’s validity representing the 
strength of a unique rule pattern against contradictory rule patterns 𝑭𝑭𝑭𝑭� 𝒍𝒍 which 
refer to the other rule patterns which have the same antecedent combination but 
with different consequent. Scaled rule confidence is calculated by taking the 
ratio between the number of instances representing a unique rule pattern 𝑪𝑪𝑪𝑪𝑭𝑭𝑭𝑭𝒍𝒍  
and the number of the instances representing the contradictory rules’ 
patterns  𝑪𝑪𝑪𝑪𝑭𝑭𝑭𝑭� 𝒍𝒍 .  Equation (5.14) and is based on the calculation described in 
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Step 2.3, Calculation of Scaled Rule Weights, in this step, the product of the 
scaled fuzzy support and confidence of a rule was used to calculate the rule’s 
scaled fuzzy weight as shown in Equation (5.15). 
In this step, the unique rules’ patterns resulting from the previous step were 
weighted by calculating a scaled fuzzy weight for each of the patterns. The 
scaled fuzzy weight was calculated as a multiplication of the scaled fuzzy 
support and the scaled confidence as shown in Equation (5.15) and described in 
(Ishibuchi & Yamamoto, 2005). 
 
scWi = scFuzzSup × scConf (5.15) 
 
The scaled fuzzy weight scWi(s) are assigned to the generated M rules scWi  to 
take the following form: 
 
𝐵𝐵 �𝑇𝑇𝑠𝑠𝑦𝑦𝑡𝑡𝑚𝑚𝑚𝑚� ,𝐵𝐵�𝑇𝑇𝑢𝑢𝑘𝑘𝑡𝑡𝑚𝑚𝑚𝑚�,𝐵𝐵 �𝑇𝑇𝑑𝑑𝑔𝑔𝑡𝑡𝑚𝑚𝑚𝑚� → 𝐵𝐵(𝑅𝑅𝒉𝒉)[𝑠𝑠𝑐𝑐𝑇𝑇𝑁𝑁] (5.16) 
The scaled fuzzy weight scWi  was used to measure how well the rule is able 
to represent the data. It was used to rank the fuzzy rule patterns in order to select 
the most representative rules as described in (Ishibuchi & Yamamoto, 2005). 
The scaled fuzzy rule weight was used to select rule patterns with the highest 
weights out of the other contradictive patterns. The selected rule patterns were 
used to build the fuzzy system in the next step. 
Step 2.4, Rules classifying accuracy, in this step the extracted rules the resulted 
fuzzy rules were used to classify the relevancy of each instance in the hold-out 
data set Dh. The resulted relevancy classifications were compared with the 
associated linguistic labels of the predicted documented relevancy values from 
the linear predictive model. If the classification was identical the predicted 
relevancy linguistic label the comparing result is 1 otherwise 0. Then the 
average of the comparison represents the accuracy. 
Step 2.4, Max Accuracy selection, in this step the rules set with maximum 
accuracy were selected to be used for building the fuzzy system which 
calculated the unified term weight in step 4. 
Step 3, Calculation of the unified term weight: In this step the resulting rules from 
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the previous step were used to build a fuzzy system to calculate the unified term 
weight Wiykg for each query term ti in each associated document visit Vh. The fuzzy 
system calculated the unified term weight based on the term weights in the profiles of 
the associated    user Uk, document Dg and search task Sy which were created in phase 
2 and the fuzzy rules extracted in step 3 of this phase.  
The fuzzy system consisted of the three input variables { 𝑾𝑾𝒔𝒔𝒚𝒚𝒕𝒕𝒎𝒎𝒎𝒎, 𝑾𝑾𝒖𝒖𝒌𝒌𝒕𝒕𝒎𝒎𝒎𝒎, 𝑾𝑾𝒅𝒅𝒈𝒈𝒕𝒕𝒎𝒎𝒎𝒎} 
, one output variable which was the unified term weight Wiykg  and the fuzzy rules 
which were extracted in step 3. The fuzzy system was then fed with the values of the 
inputs: 𝑾𝑾𝒔𝒔𝒚𝒚𝒕𝒕𝒎𝒎𝒎𝒎, 𝑾𝑾𝒖𝒖𝒌𝒌𝒕𝒕𝒎𝒎𝒎𝒎and 𝑾𝑾𝒅𝒅𝒈𝒈𝒕𝒕𝒎𝒎𝒎𝒎  which were associated with each query term for 
each document visit in step 1. The calculated value of Wiykg was then was used to 
create the UTWI which consists of { Vh,ti, Sy, Uk, Dg, Wiykg}. UTWI was used in the 
next phase to create the recommendations. 
 
5.2.5. PHASE 5: RECOMMENDATION OF DOCUMENTS AND 
PEOPLE (EXPERTS).    
In this phase the recommender system’s user query was pre-processed in the same 
way as in phase 1.  The UTWI index was searched for the extracted query terms to 
find matching documents and people who visited those documents frequently,  so 
called experts in that area. This started with finding the matching tasks in order to 
recommend documents and people based on the relevant task. A matching task should 
have at least one occurrence of at least one of the query terms in its associated 
instances in UTWI. Then for each of these tasks the average weight was calculated for 
each of the matching terms . Then these resulting weights were summed to give the 
aggregate task weight. Based on the aggregate task weight the relevant documents 
were extracted together with the  users for each matching task. A relevant 
document/user should have at least one matching term occurrence in UTWI with the 
tasks terms. The average weight of each matching term was calculated for the relevant 
document/user and these were summed to calculate the aggregate weight of the 
relevant document/user. The document/users were sorted in descending order based 
on their aggregate weights.    
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5.2.6. PHASE 6: RECOMMENDATION PRESENTATION  
In this phase, the recommended document and people were presented to the user 
through a web-based graphical user interface. The interface enabled the user to view 
the recommended documents as a weighted list in which each document was 
associated with its relevance weight for the user query. It also showed a user analysis 
chart in which the relevant people for the user query and their relevance weight were 
graphically represented. The user interface provided a query-task tree in which the 
relevant people (experts) were grouped based on tasks which were relevant to the user 
query.  
 
FIGURE 5.8: RECOMMENDER SYSTEM USER INTERFACE 
 
5.3. IMPLEMENTATION  
As shown in Fig 5.9, the proposed approach was implemented into a 
recommendation system to work as a Plugin or upper layer on the top of the enterprise 
search facility. In fact, it could be integrated with any search facility to recommend 
documents and people based on the users’ search history.  A prototype system was 
implemented in order to evaluate the accuracy of the proposed approach. The system 
was implemented using Java, Oracle 11g, Matlab fuzzy toolbox and IBM SPSS.  
An Oracle Database was used to maintain the captured user feedback and the three 
profiles.  Although relational databases have scalability issues it was used to 
implement a prototype system to test the accuracy of the model.  As discussed in the 
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first chapter, the focus of this research is to improve the accuracy of the retrieved 
documents and therefore scalability and efficiency related to big data were not 
addressed.   
 
FIGURE 5.9: PROPOSED SYSTEM ARCHITECTURE 
 
5.3.1. DOCUMENT RELEVANCE PREDICTION COMPONENT 
This component function was based on the linear prediction model which was 
developed through the correlation and regression analysis as previously discussed. 
Both analyses were carried out using IBM SPSS by exporting the relevance feedback 
data from an Oracle database and importing it into IBM SPSS. The imported data was 
then analysed and the model equation was extracted. Finally the extracted equation 
was stored in the database and applied to the data for making the prediction. However, 
in the future this process could be fully automated by using IBM SPSS API’s which 
will allow other applications to invoke the statistical engine of IBM SPSS or by using 
any other statistical Java library. The linear model equation was applied to the 
relevance feedback data to predict the document relevancy for each document visit in 
the database and the result was stored in database table. 
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5.3.2. FUZZY PROFILES CREATING COMPONENT  
In order to create the profiles the user queries were stemmed and indexed using the 
Oracle text search library which allows the creation of an inverted index for any text 
record or file in the database. The users’ queries were indexed to facilitate searching 
and also to extract the term frequencies. Then, Oracle SQL was used to create three 
database views to calculate  NDF, IDF and NTDF for each term, based on  the user, 
document and search task, as shown in Fig 5.10. 
 
FIGURE 5.10 : TERMS FREQUENCIES VIEWS 
The data from the three views were imported into the fuzzy controller (A) which 
was implemented using Matlab Fuzzy Logic Toolbox. The fuzzy system calculated 
the term weight based on the frequencies as described in Phase 3 of the proposed 
method.  Fig 5.11 shows the fuzzy controller which consisted of the following: 
• Input variables: NTDF, NDF and  NIDF which are coloured in yellow.  
• Fuzzy rule base box (flc): This contained the fuzzy rules as displayed in the 
front image of the same figure.   
• Output variable (WT): This held the term weight for the associated profile. 
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FIGURE 5.11: FUZZY CONTROLLER (A): PROFILE TERM WEIGHT 
Fig 5.12 is a snapshot of the simulation of the controller behaviour based on the 
input parameters’ values.  The input variables; NTDF, NDF and NIDF appear in the 
first columns and yellow. The output variable TW appears in the fourth column and 
coloured in blue. The fuzzy rules in the rule base (flc) were applied to the values of 
the three input variables to calculate the value of the output variable TW.     
 
FIGURE 5.12: PROFILE TERM WEIGHT FUZZY CONTROLLER SIMULATION 
The resulting TW values were stored in three database tables: USERS_PROFILES, 
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FIGURE 5.13 :  PROFILES DATABASE TABLES 
 
5.3.3. UNIFIED TERM WEIGHT INDEX (UTWI) CREATING 
COMPONENT 
To implement this component Oracle SQL was used to create a view based on the 
term occurrence in the document visit to contain the term, the document visits, the 
term weight from the associated task, user and document profiles, and the predicted 
value of the document relevance for the document visits.  
 
FIGURE 5.14 : TERM VISIT WEIGHTS 
Then the term weights were imported into fuzzy set controller to convert them into 
linguistic label in order to convert theses weights into a form of fuzzy rules as 
discussed in Phase 5. The resulting rules were stored in a database table called 
ALL_RULES and based on the table and based on the database table a view called 
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FIGURE 5.15 : BEST FUZZY RULES 
 
 These rules were used to build the fuzzy controller (B) in order to calculate the 
unified term weight which is shown in Fig 5.16. The Fuzzy controller (B) consists off 
the following: 
• Input variables TwT:  which was the weight of the term from the associated 
user’s profile,   UwT   which was the weight of the term from the associated 
Task’s profile and DwT which was the weight of the term from the associated 
Document’s profile. 
• Fuzzy rule base box: which contained the fuzzy rules from the database view 
BST_RULES. These rules were fired on the values of the three input valuables 
to give the value of the out variable.   
• Output variable UnifwT: which held the unified term weight. 
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FIGURE 5.16:  FUZZY CONTROLLER (B): UNIFIED TERM WEIGHT 
Fig 5.17 shows a simulation for the controller behaviour based on the input 
parameters’ values.   
 
FIGURE 5.17: UNIFIED TERM WEIGHT FUZZY CONTROLLER 
 
The resulting values of UnifwT stored in a database table called UTWI. Then 
based on the database table UTWI, two database views were created: 
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TASK_USER_WT and TASK_DOCUMENT_WT. The first one contained the user’s 
weights for each task and the second one contained the documents’ weights for each 
task. The weights were calculated accumulatively based on the weights of the terms 
that the users and the documents shared with the tasks.    
    
FIGURE 5.18: UTWI DATABASE TABLE. TASK_USER DATABASE VIEW AND TASK DOCUMENT DATABASE 
VIEW 
5.3.4. RECOMMENDATIONS CREATING COMPONENT 
This component was implemented by using Java web application developer for Oracle 
11g. The component used the Oracle text search library to tokenise and index the user 
query and then passed the query to a stored PL/SQL procedure to find the most 
relevant search task for the user query based on the cumulative weights of the terms 
that the user query shares with each task, and the task with the highest weight. The 
recommended documents and people lists were created by a Select statement based on 
the relevant task. 
SELECT c.TOKEN_TEXT , t.taskid , TASK_TERM_AC_WT , u.email , u.TASK_USER_AC  
,  TASK_TERM_AC_WT  *  u.TASK_USER_AC AS  T_U_WT    from  
DR$CURRENT_QUERY_INDEX$I  C, TASK_TERM_WT t , TASK_USER_WT u 
where t.token_text = c.token_text  and  u.taskid = t.taskid 
order by c.TOKEN_TEXT , t.taskid , TASK_TERM_AC_WT, u.TASK_USER_AC desc 
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5.4. CONCLUSION  
In order to address the problem of information overload, this chapter has proposed 
a fuzzy based approach that provided a new mechanism for constructing and 
integrating three a task, user and document profile, into a unified index, through the 
use of relevance feedback and fuzzy rule based summarisation. The relevance 
feedback was used to develop a linear predictive model showing the association 
between the implicit and explicit feedback parameters. The model was used to predict 
the document relevancy from the implicit user feedback parameters. The predicted 
relevance values were used to identify the successful queries (which led to document 
visits) and train the fuzzy rule summarizing model. The successful user queries were 
pre-processed and the query terms were extracted.  TF-IDF (Term Frequency and 
Inverse Document Frequency) matrices were calculated for the terms used by a fuzzy 
system to create the associated profiles (Task, User and Document). After the profiles 
were created, each term was then associated with its retrieved documents, the 
predicted relevancy and term weights corresponding to the task, user and document 
profiles. This formed a rule base consisting of three inputs (i.e.term weights 
associated with the three profiles) and one output, which was the predicted relevance 
level of the document. Then the fuzzy rule based summarisation was applied to 
extract the most representative fuzzy rules. These were used to build the unified 
relevancy index. A web-based user interface was developed to handle the user queries 
and enable recommending documents and people based on the user query.  
The next chapter discusses the training and evaluation methods of the proposed 
approach. It presents the experimental results of the proposed system including the 
validation methods used such as R-squared and cross validation as well as the results 
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 6. CHAPTER 6:  RESULTS AND EVALUATION 
 
6.1. INTRODUCTION 
The previous chapter discussed the proposed method and described in detail the 
method phases, starting with the capture of relevance feedback and ending with the 
presentation of results for the users. This chapter discusses the training and evaluation 
methods of the proposed approach. The proposed approach was evaluated at two 
levels: the accuracy of the component validation and the overall retrieval 
performance.  The proposed system included two main components to estimate the 
relevance of the document, firstly the linear predictive model and secondly the fuzzy 
system, which was built based on the summarised fuzzy rules. The linear predictive 
model was validated using the R-squared method and the fuzzy system was validated 
using the K-Fold method. The overall retrieval accuracy  of the proposed system was 
tested by carrying out a comparative retrieval accuracy evaluation in which the 
retrieval accuracy  of the proposed system was compared with standard inverted index 
based Solr system and the semantic indexing based Lucid system. The comparative 
evaluation included two type of analysis:  Precision (P) and Recall (R) analysis and 
document ranking analysis. Precision (P) and Recall (R) analysis were used to test the 
ability of the system to retrieve the relevant documents while the document ranking 
analysis was used to test the ability of the system to give a high ranking to the relevant 
document  in the search result.   
The rest of the chapter is organised as follows: Section 6.2 discusses the validation 
of the linear predictive. Section 6.3 discusses the summarised fuzzy rules training and 
validation including the results from the method used. Section 6.4 discusses the 
overall retrieval accuracy of the proposed system including Precision, Recall and 
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6.2. LINEAR PREDICTIVE MODEL VALIDATION 
The model was validated using the R-squared (R2) measurement. R-squared (R2) 
measure is by far one of the most widely used and reported measures of the accuracy 
of statistical models (Mandel 2012). R2 is formally calculated as shown in Equation 
6.1.  
 
𝑭𝑭𝟐𝟐  =  
∑ (𝒚𝒚� − 𝒚𝒚�)𝟐𝟐𝒏𝒏𝒊𝒊=𝟏𝟏
∑ (𝒚𝒚 − 𝒚𝒚�)𝟐𝟐𝒏𝒏𝒊𝒊=𝟏𝟏
 =  
𝑺𝑺𝑺𝑺 𝑷𝑷𝑷𝑷𝑷𝑷𝒅𝒅𝒊𝒊𝑷𝑷𝒕𝒕𝑷𝑷𝒅𝒅 
𝑺𝑺𝑺𝑺  𝒕𝒕𝑪𝑪𝒕𝒕𝒕𝒕𝒍𝒍 
 (6.1) 
 
 Where n is the number of the observation (data instances). 𝒚𝒚� is the  predicted value 
of the data instance i ,  is the mean of the actual values of data instances in the set.  𝒚𝒚 
Is the actual value of the data instance i. SS is sum of square. 
As shown in Table 6.1, the accuracy of the predictive linear model was 76.5 %. The 
accuracy was calculated using the Equation 6.1. However, the accuracy can be 
improved through the adaptive mechanism of the proposed model by involving more 
document visits, users and search tasks. 
TABLE 6.1:SUM SQUARES FOR THE LINEAR MODEL 
Source Sum of Squares df Mean Square f 
Predicted 9,510.566 5 1,902.173 747.940 
Residuals 2,901.812 1,141 2.543  
Total 12,412.678 1,146   






Fig 6.1, visualizes the linear relation between the estimated or predicted values and 
the observed or actual values of the dependent variable (explicit relevance level). The 
figure shows clearly that the pivot points between the predicted and actual values are 
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FIGURE 6.1 :PIVOT OF THE PREDICTED VALUE & ACTUAL VALUE 
 
6.3. RULE BASED SUMMARISATION VALIDATION USING K-
FOLD 
The developed fuzzy rule based system was validated using a well-known 
validation method called k-fold cross-validation (Arlot and Celisse, 2010). In k-fold 
cross-validation, the dataset D is divided into k equal size (of size h items) subsets 
called folds. The validation process is carried out for  k iterations and  in each 
iteration j : 1 to k the subset  kj  is held out and called hold-out set Dh. The rest of the 
subsets are grouped in a training set Dt = D – kj  . The accuracy of the model for each 






vi, yi) (6.2) 
 
Where σ (v,y) = 1 if v=y and 0 otherwise. vi is  the predicted value of  the instance i, 
yi is the actual value of the instance i. 
The final accuracy of the model is calculated by taking the average of the resulted 
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In this method a dataset D is divided into two subsets; Dt (usually 80% of D) and 
Dh (usually 20% of D). Set Dt, named as the training set, was used to train the model, 
while Dh, called the testing set or hold-out set, is used to test the model in order to 
calculate the accuracy.  
In order to train and validate the fuzzy rule based system a 5-fold cross validation 
was applied. The dataset was partitioned into five folds, representing 20% of the 
dataset. And then in each iteration one of these subsets was held out and the system 
was trained on the other folds representing the remaining 80% of the dataset to extract 
a set of weighted fuzzy rules. The resulting fuzzy rules of the training process were 
used to build a fuzzy system which classify the relevancy of each instance in the hold-
out data. The resulting relevancy classifications were compared with the associated 
linguistic labels of the predicted documented relevancy values from the linear 
predictive model. Table 6.2 presents the resulting rule of the training process of the 
rule summarisation component for the first fold (K=1).    
 
TABLE 6.2: SUMMARIZED WEIGHTED FUZZY RULES FOR K=1 
 WT WU WD  WR Firing Strength 
1.  H H H → H 0.489292903 
2.  H H M → H 0.364747958 
3.  H L H → M 0.116836792 
4.  H L M → M 0.082494544 
5.  H M H → H 0.302517053 
6.  H M L → M 0.010468469 
7.  H M M → M 0.255007914 
8.  L H H → M 0.120923391 
9.  L H M → M 0.133836985 
10.  L L H → M 0.034648234 
11.  L L L → L 0.008734882 
12.  L L M → L 0.020797199 
13.  L M H → M 0.071606 
14.  L M L → L 0.02148739 
15.  L M M → L 0.057765699 
16.  M H H → M 0.323666132 
17.  M H L → L 0.003785873 
18.  M H M → M 0.161731815 
19.  M L H → M 0.084251856 
20.  M L L → L 0.019945581 
21.  M L M → M 0.053061553 
22.  M M H → M 0.207267626 
23.  M M L → L 0.048104422 
24.  M M M → M 0.143720462 
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Table 6.3 presents a sample of the fuzzy classifier accuracy for the fold one (the 
first iteration). The system showed 86% accuracy performance in correctly classifying 
the relevance of the document. 
 
TABLE 6.3: SAMPLE OF SUMMARISED FUZZY RULES ACCURACY 
Term Task User Document E A C 
Cotton T13 **@coventry.ac.uk 04574741.html M M 1 
Tech T1 **@coventry.ac.uk 04587909.html M L 0 
Air T12 **@uni.coventry.ac.uk 04736857.html M M 1 
Guitar T13 **@yahoo.com 12228999.html M M 1 
Bush T13 **@coventry.ac.uk 12361974.html M M 1 
Fire T13 **@uni.coventry.ac.uk 14213537.html M M 1 
Cotton T12 **@coventry.ac.uk 16068064.html M M 1 
Australia T12 **@coventry.ac.uk 02493670.html M M 1 
Australia T13 **@gmail.com 03007618.html M M 1 
School T1 **@coventry.ac.uk 16400222.html M L 0 
Cooper T13 **@coventry.ac.uk 16400222.html M M 1 
Cooper T13 **@yahoo.com 16400222.html M M 1 
Tech T12 **@coventry.ac.uk 16456196.html M M 1 
Bio T12 **@yahoo.com 16456196.html M M 1 
Lab T13 **@gmail.com 08225989.html M M 1 
….. …… …. …… .. .. … 




 This process was repeated five times for the five different folds and for each fold 
the accuracy was calculated for the classifier, built based on the extracted rules. Table 
6.4 presents the accuracy for each fold. It can be seen from the table that the highest 
(89%) accuracy was for the fold four at K=4 and the lowest accuracy (83%) was for 
the fold five at K=5. However, the average accuracy of the system is 86.2% which 
was relatively good as the initial performance, hence it was expected to improve as 
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TABLE 6.4: K-FOLD ACCURACY 








In the proposed method the rules set with the highest accuracy was used in the 
fuzzy system to calculate the unified term weight in the UTWI which meant that the 
rule set associated with the fold 4 which is shown in Table 6.5 was used.  Comparing  
the set of rules in Table 6.2  which was extracted from fold 1, with the set in Table 6.5 
which was extracted from fold 4, it can be seen that there are three rules: 17, 21 and 
22 which have changed while the other rules have stayed the same.  
TABLE 6.5: SUMMARIZED WEIGHTED FUZZY RULES FOR K=4 
 WT WU WD  WR Firing Strength 
1.  H H H → H 0.489292903 
2.  H H M → H 0.364747958 
3.  H L H → M 0.116836792 
4.  H L M → M 0.082494544 
5.  H M H → H 0.302517053 
6.  H M L → M 0.010468469 
7.  H M M → M 0.255007914 
8.  L H H → M 0.120923391 
9.  L H M → M 0.133836985 
10.  L L H → M 0.034648234 
11.  L L L → L 0.008734882 
12.  L L M → L 0.020797199 
13.  L M H → L 0.071606 
14.  L M L → L 0.02148739 
15.  L M M → L 0.057765699 
16.  M H H → M 0.323666132 
17.  M H L → M 0.082212525 
18.  M H M → M 0.161731815 
19.  M L H → M 0.084251856 
20.  M L L → L 0.019945581 
21.  M L M → L 0.043096711 
22.  M M H → H 0.108767889 
23.  M M L → L 0.048104422 
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6.4.  EVALUATION USING PRECISION, RECALL AND RANKING 
ANALYSIS 
In order to evaluate the overall retrieval accuracy of the proposed system; a 
comparative evaluation was conducted to compare the retrieval accuracy measures of 
the proposed system with the existing standard search system  and the semantic based 
enterprise search Lucid. Both  systems were based on Solr as a core search platform, 
however, the first one used the standard inverted index while the second used 
semantic indexing (LucidWorks 2015). The standard inverted index consisted of the 
terms frequencies in the indexed documents. In semantic indexing the terms were 
given semantic weights to reflect their relevance to the indexed documents. The 
evaluation included Precision (P) and Recall (R) analysis and document ranking 
analysis. Precision (P) and Recall (R) were used to test the ability of the system to 
retrieve the relevant documents while the document ranking analysis was used to test 
the ability of the system to give a high ranking to the relevant document in the search 
result.   
6.4.1. PRECISION AND RECALL ANALYSIS 
The comparative retrieval accuracy evaluation was based on Precision (P) and 
Recall (R). In the comparative accuracy evaluation the values of P and R for the 
existing standard search system and the proposed recommender system were 
compared.  Precision (P) and Recall (R) were standard evaluation metrics used in 
information retrieval research (Kelly, 2008).  Precision (P) was a measure of the 
ability of a system to present only relevant items. P was defined as follows: 
𝑃𝑃   =    
|𝑅𝑅𝑀𝑀|
|𝐴𝐴|  (6.4) 
Where Ra was the number of relevant items retrieved and A was the total number 
of items retrieved in response to a user query. 
 
Recall (R) was a measure of the ability of a system to present all relevant items. R 









Where Ra was the number relevant items retrieved and Rm was the total number of 
items retrieved. 
The evaluation was carried out using the first 25 of the provided queries in the 
labelled data (TREC test collection) as these were used for creating the simulated 
search tasks in the user study. The results are shown in Table 6.6 . The queries were 
given to the three search systems: Standard Solr, Lucid and the proposed system and 
P and R were calculated for each of the given queries for each system. Then the 
averages P and R were calculated for each system.    
TABLE 6.6: PRECISION (P) AND RECALL (R) FOR: STANDARD VECTOR SPACE SEARCH 
SYSTEM (STD SOLR), SEMANTIC BASED SEARCH SYSTEM (LUICID SOLR) AND THE 
PROPOSED RECOMMENDER SYSTEM. 
 Precision(P)  Recall (  R) 
QUERY ID Std Solr Lucid Solr Proposed Std Solr Lucid Solr Proposed 
CE-001 0 0.006 0.023 0 0.5 0.667 
CE-002 0.029 0.004 0.036 0.667 1 0.667 
CE-003 0 0.005 0.061 0 1 1 
CE-004 0 0.063 0.063 0 0.333 0.667 
CE-005 0 0.007 0.035 0 0.5 0.667 
CE-006 0 0.006 0.097 0 0.75 0.75 
CE-007 0.006 0.105 0.105 0.2 0.727 0.727 
CE-008 0.004 0.023 0.188 0.308 0.692 0.692 
CE-009 0.003 0.163 0.163 0.1 0.7 0.7 
CE-010 0.007 0.041 0.041 0.5 1 1 
CE-011 0 0.008 0.008 0 1 1 
CE-012 0.001 0.057 0.057 0.333 0.5 0.5 
CE-013 0 0.02 0.02 0 0.333 0.333 
CE-014 0.004 0.023 0.023 1 0.333 1 
CE-015 0.004 0.012 0.019 1 1 1 
CE-016 0.022 0.002 0.036 1 1 1 
CE-017 0 0.003 0.015 0 1 1 
CE-018 0 0.007 0.038 1 1 1 
CE-019 0 0.009 0.049 0 0.667 0.5 
CE-020 0.004 0.003 0.036 1 1 1 
CE-021 0.003 0.008 0.12 0.667 1 1 
CE-022 0.014 0.031 0.075 0.667 0.333 1 
CE-023 0.001 0.033 0.094 1 1 1 
CE-024 0.005 0.035 0.063 0.8 1 1 
CE-025 0 0.071 0.132 0.667 0.833 0.833 
AVG 0.00428 0.0298 0.06388 0.43636 0.76804 0.82812 
108 
 
An Adaptive Fuzzy Based Recommender System For Enterprise Search 
 
 As shown in Fig .6.2, the average P value for a standard Sorl system was 0.00428 
which is relatively low. This low value of P indicated that the system retrieved a large 
number of irrelevant documents. The P value for the semantic based search Lucid was 
0.0298  which was significantly higher but still indicated a large number of retrieved 
documents.   The proposed approach enhanced the value of P significantly where the 
average of P value increased 0.064. In other words, the proposed approach reduced 
the number of irrelevant documents in the search result which meant that the ability of 
the system to show only the relevant documents was enhanced. Referring to Equation 
6.4, we find that the increment of P can either be due to the increase in the number of 
relevant documents retrieved or because of a decrease in the number of non-relevant 
documents retrieved or both of these factors. In the proposed approach,  the number of 
the relevant retrieved documents increased and this was clear as the value of R has 
increased. Also, the number of non-relevant document had decreased significantly 
because the recommended or retrieved document list was filtered based on the fuzzy 
rule based profiling.  
 
FIGURE 6.2:PRECISION (P) AND RECALL (R) FOR: STANDARD VECTOR SPACE SEARCH 
SYSTEM (STD SOLR), SEMANTIC BASED SEARCH SYSTEM (LUCID SOLR) AND THE 
PROPOSED RECOMMENDER SYSTEM 
The proposed system has also enhanced the value of R.. As shown clearly in Fig 
.6.2, the average value of R has increased significantly. Compared the standard Solr  












Std Solr Lucid Solr Proposed
Precision 0.00428 0.0298 0.06388
Recall 0.43636 0.76804 0.82812
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ability of the system to retrieve the relevant document was enhanced as the proposed  
system produced results based on the user query and the semantic relationship among 
the tasks, users and documents. The proposed system outperformed the semantic 
based search system as well, but with a smaller difference as the value of R was 
enhanced from  0.76804) to 0.828 .   
6.4.2. COMPARATIVE DOCUMENT RANKING ANALYSIS 
The search system was not only required to retrieve the relevant document, but also 
to show it at the top of the search result (Agichtein 2006; Collins-Thompson 2011). 
Research shows that search engines try to show the relevant information in the first 
ten results to attract user attention (Wu 2009).  Precision and recall ratios do not 
indicate the ranking of the document or whether or not the document was shown in 
the first 10 documents.  Therefore, a comparative document ranking analysis was 
carried out to find out if the proposed approach improved the ability of the system to 
give a high ranking to the retrieved relevant documents and to push them to the top of 
the search list. In this analysis, the ranking of the relevant documents for the first 25 
queries, which were used to create the search tasks for data capturing, was divided 
into 7 categories which were: A (1-5), B (6-10) , C(11 -20), D (21-30), E(30-40), F ( > 
40) and G (Not retrieved) and then the number of relevant documents which fell into 
each category was calculated. These frequencies were then compared to the 
frequencies resulting from the standard Sorl and Lucid search systems for the same set 
of queries as shown in Table 6.7 
TABLE 6.7:COMPARED DOCUMENT FREQUENCIES FOR RANK CATEGORIES 
 Number of relevant documents  Percentage of relevant document  
Ranking Category Std Solr Lucid Sor Proposed Std Solr Lucid Sor Proposed 
A ( 1 – 10) 15 50 60 15.96% 53.19% 63.83% 
B (11 – 20) 13 13 14 13.83% 13.83% 14.89% 
C (21 – 30) 4 7 2 4.26% 7.45% 2.13% 
D ( 31- 40) 7 2 1 7.45% 2.13% 1.06% 
E ( > 41) 14 1 1 14.89% 1.06% 1.06% 
F (Not Retrieved) 41 21 16 43.62% 22.34% 17.02% 
Total 94 94 94 100% 100% 100% 
 
As shown in Fig 6.3, the proposed approach improved the systems ranking 
performance. Compared to the standard Solr, the percentage of documents ranked in 
category A increased from 15.96%  to  63.83%. Also, the percentage of documents in 
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category D and E dropped down significantly from 7.45% to 1.06% and from 14.89% 
to 1.06%.  Finally the category percentage decreased from 43.62% to 17.02%. The 
proposed system achieved a better ranking performance than the semantic based 
search Lucid where the system showed more relevant documents in category A and B 
than Lucid.  
The improvement in the relevant document ranking was due to the user relevance 
feedback which was used to train and validate the system which together with the help 
of the user judgement pushed the relevant documents to the top of the list. 
 
FIGURE 6.3: COMPARED DOCUMENT FREQUENCIES FOR RANK CATEGORIES 
 
6.5. CONCLUSION  
In this chapter, the proposed system was evaluated based on different measures and 
methods. The evaluation considered both the accuracy of the component and the 
overall retrieval performance. The accuracy performance of the linear predictive 
model was calculated using the R-squared method and the model showed 76.5 % 
accuracy in predicting the document relevance.  
A 5-fold cross validation method was applied to train and validate the fuzzy 
classifier, which was built based on the summarised fuzzy rules. The highest accuracy 
performance that the classifier showed in classifying the documents-terms relevance 
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relatively good as an initial performance and was expected to improve as more data is 
captured from more users.  The overall retrieval accuracy of the proposed system was 
tested by carrying out a comparative retrieval accuracy evaluation based on Precision 
(P), Recall (R) and ranking analysis. The values of P and R of the proposed system  
were compared to two other systems; Standard inverted index based Solr system and 
the semantic indexing based Lucid system.  The proposed system enhanced the value 
of P significantly where the average of P value increased from 0.00428 to 0.064 
compared with standard Solr system and from  0.0298 to 0.064  compared with Lucid. 
In other words, the proposed approach managed to decrease the number of irrelevant 
documents in the search result which means that the ability of the system to only show 
the relevant document was enhanced.  
The proposed system enhanced the value of R as well. The average value of R was 
increased significantly (doubling) from (0.436) to (0.828) compared with standard 
Solr and from (0.76804) to (0.828) compared with Lucid.  This meant that the ability 
of the system to retrieve the relevant document was also enhanced. Furthermore the 
ability of the system to rank higher the relevant documents improved compared with 
the other two systems.   
As discussed previously, the proposed approach enhanced the values of both Recall 
and precision significantly which indicated that the number of the unwanted (i.e. 
irrelevant) documents was being minimised. This helped to overcome information 
overload by filtering out the unwanted information while maintaining a good retrieval 
accuracy performance. In addition the approach enhanced the ability of the system to 
show the relevant documents at the top of the search result page thus reducing the 
time consumed by the user to access the required information and in turn helped to 
address the problem of information overload. This tended to help the user spending 
the available time reading the relevant documents rather than wasting time searching 
for them.      
 The next chapter discusses the main conclusion of the thesis including the 
summary, contribution and limitations of the research. It also discusses the future 
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The previous chapter discussed the results of this research including the evaluation 
and the validation of the retrieval accuracy of the proposed approach. It showed that 
the approach achieved a good level of accuracy in classifying the document relevancy 
with a given user query term. It also showed a good retrieval performance. However 
the retrieval accuracy is expected to improve as the system continues to be used and 
as more data is captured from users. This chapter discusses the main contributions of 
the thesis and limitations of the research. It also discusses the fulfilment of the 
research objectives by relating them to the appropriate thesis chapters.  
The rest of the chapter is organised as follows: Section 7.2 provides a summary of 
the research.  Section 7.3 discusses the contribution of the research in relation to the 
research objectives. Section 7.4 discusses the research limitations.  Section 7.5 
discusses the future work. 
7.2. RESEARCH SUMMARY  
This research has presented an approach for the development of a fuzzy logic 
recommender system for enterprise search. The approach provides a new mechanism 
for constructing and integrating a task, user and document profile into a unified index, 
through the use of relevance feedback and fuzzy rule based summarisation. The fuzzy 
approach was used to create the profiles and integrate them. The motivation for using 
the fuzzy approach was to handle the uncertainty due to the inconsistency and 
subjectivity in the assessment of relevance feedback provided by the user. 
The research included a series of experiments in which relevance feedback was 
captured from 35 users on 20 predefined simulated enterprise search tasks. During 
these experiments the system captured implicit and explicit feedback parameters, 
together with the user search queries. The captured relevance feedback was used to 
develop and train the fuzzy system. The system showed an 89% accuracy performance 
in correctly classifying document relevance. The overall retrieval accuracy of the 
recommender system was evaluated based on standard precision and recall which 
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showed significant improvements in retrieving relevant documents. 
As discussed in the previous chapter, the proposed approach enhanced the values of 
both Recall and precision significantly which indicated that the number of the 
unwanted (i.e. irrelevant) documents was being minimised. This helped to overcome 
information overload by filtering out the unwanted information while maintaining a 
good retrieval accuracy performance. In addition the approach enhanced the ability of 
the system to show the relevant documents at the top of the search result page thus 
reducing the time consumed by the user to access the required information and in turn 
helped to address the problem of information overload. This tended to help the user 
spending the available time reading the relevant documents rather than wasting time 
searching for them.       
7.3.     CONTRIBUTION  
The main contribution made in this thesis was the development of an adaptive 
integrated fuzzy approach for a recommender system to be used for the enterprise 
search. The recommender system was used to recommend relevant documents based 
on relevance feedback. In addition, the system also recommended people who have 
expertise in the search area. The proposed approach was adaptive because the rules 
and models which were used to give weight to the “expertise” of the people and the 
relevance of the documents were extracted from the relevance feedback data set. This 
helped both the model and corresponding rules to change dynamically based on the 
underlying data set. The proposed approach integrated both the implicit and explicit 
relevance feedback in order to estimate the relevance of the document to the user 
query. The relevance feedback (implicit and explicit) and fuzzy logic inference was 
used to create and integrate the task, user and document profiles. The fuzzy logic 
resolved the uncertainty and bias which were found in the user behaviour. Briefly, the 
following contributions were made to the existing knowledge: 
• In order to explore the existing approaches used for enterprise search and to 
further understand the problem domain an extensive literature review was carried out 
and presented in Chapter 2 and Chapter 3. The literature also covered the 
recommender system approaches, focusing on those approaches which were proposed 
for enterprise search. In addition the literature surveyed fuzzy based approaches for 
recommender systems. 
• In order to investigate the relevance feedback including the relationship between 
114 
 
An Adaptive Fuzzy Based Recommender System For Enterprise Search 
 
the implicit and explicit parameters, an extensive literature review was presented in 
Chapter 3 and empirical research was presented in Chapters 4, 5 and 5. The empirical 
research carried out as part of this thesis clearly found significant co-relation between 
the implicit and explicit relevance feedback. Co-relation and regression analysis were 
used to analyse the relationships between implicit and explicit feedback parameters. 
As a result of this analysis, it was found that there was a linear relationship between 
the implicit parameters (i.e. time on page, mouse movements, and mouse clicks) and 
the explicit document relevance. The linear relationship was then translated into an 
adaptive linear predictive model to estimate the document relevance from the implicit 
feedback parameters. While the explicit feedback parameters were used to train and 
validate the approach, the accuracy of the model was evaluated using R-squared (R2) 
and the model achieved 76% accuracy in predicting the visited document relevancy 
from the implicit parameters.    
• To fill in the gaps in knowledge and to extend the existing body of knowledge a 
fuzzy based approach was proposed and carefully applied to an application area of 
enterprise search as discussed in Chapter 5. The proposed approach included two new 
mechanisms: 
•  A new approach for profiling was proposed. The proposed approach 
included a task, user and document profile. The intuition behind the building of 
three profiles was that, in the task based search the user searched for information 
which existed in the documents in order to complete a specific task.  This meant 
that the user judgment of relevancy in the search task was dependent on all three 
of these.  The proposed profiling approach was inspired by (Li & Kim, 2004) 
The approach was a fuzzy logic based method in which, first, a subset of the 
user queries was identified and selected based on the type of the profile being 
created. Then, the selected queries were pre-processed to extract the query terms 
using Porter’s analysis and the DTF, DF, and IDF was calculated for each of 
each term. Then, the values of these matrices were fed into a fuzzy logic system 
to weight the relevance of the term to the search task, the user or the document. 
• An adaptive fuzzy mechanism was developed to integrate the three 
profiles into one index that contained a unified term weight for each occurrence 
of the term in the user queries.  The new term weight reflected the relevance of 
the term to the task, user and document which corresponded to the occurrence 
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instance. The three profiles were projected based on the query term. For each 
document visit instance, each query term was associated with its weight from 
the corresponding search task, user and document profiles and the predicted 
relevance level which was calculated by the linear predictive model. The 
associated values were given ‘High’, ‘Medium’ and ‘Low’ linguistic labels.  
These were represented in the “if→then” fuzzy rule form. Generality and 
consistency measures were used to summarize the fuzzy rules. This was done by 
calculating the support and confidence for each rule pattern. And then, the 
pattern with the higher firing strength was selected out of any conflicting 
patterns (patterns with same predecessor successor). Using the summarized 
fuzzy rules and the same linguistic labels the fuzzy inference system calculated 
a unified fuzzy weight for each term in each visit instance. The unified weight 
considered the relevance between the query term and the search task, the user 
and the document at same time.  
• As a result of the research experiments, as discussed in Chapter 4,  the labelled 
data of the well-known enterprise search test collection ‘TREC Enterprise Track 
2007’ was extended to include more user queries for the topics provided and relevance 
feedback (implicit and explicit) on the created queries. A set of 20 simulated search 
tasks were designed based on the labelled data. The designed search tasks were given 
to 35 users to complete. The users were asked to create their own queries (Keywords) 
using the configured search system to complete the provided tasks. During this 
process, the system observed their search behaviour and captured their relevance 
feedback. The system captured 812 user queries and 1230 document visits which gave 
a reasonable amount of relevance feedback for creating the user, document and search 
task profiles. 
• Furthermore, as discussed in Chapter 5, the proposed approach was 
implemented in a form of a prototype recommender system that recommended both 
people with the relevant expertise as well as the relevant documents for a specific user 
query. The system could be integrated with any other search system within the 
enterprise. 
• In order to evaluate the retrieval accuracy of the proposed system, as discussed 
in Chapter 6, different measures and methods were used in order to ensure that all 
aspects of the proposed approach were tested thoroughly.  Both the accuracy of the 
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component validation and the overall retrieval accuracy was evaluated. The accuracy 
performance of the linear predictive model was calculated using the R-squared 
method and the model showed 76.5 % accuracy in predicting the document relevance. 
A 5-fold cross validation method was applied to train and validate the fuzzy classifier, 
which was built based on the summarised fuzzy rules. The highest accuracy 
performance that the classifier showed in correctly classifying documents-terms 
relevance was 89% at the fold-4 and the average accuracy for all folds was 86.2% 
which was relatively good as an initial performance and it was expected to improve as 
more data was captured from more users.  The overall retrieval accuracy of the 
proposed system was tested by carrying out a comparative retrieval accuracy 
evaluation based on Precision (P) ,Recall (R) and ranking analysis. The values of P 
and R of the proposed system were compared to both the Standard inverted index 
based Solr system and the semantic indexing based Lucid system.  The proposed 
system enhanced the value of P significantly where the average of P value increased 
from 0.00428 to 0.064 compared with standard Sorl system and from 0.0298 to 0.064  
compared with Lucid system. In other words, the proposed approach managed to 
decrease the number of irrelevant documents in the search result which meant that the 
ability of the system to only show the relevant document was enhanced. The proposed 
system enhanced the value of R as well. The average value of R was increased 
significantly (doubling) from 0.436 to 0.828 compared with standard Solr system and 
from 0.76804 to 0.828 compared with Lucid system.  This meant the ability of the 
system to retrieve the relevant document was also enhanced. Furthermore the ability 
of the system to rank more highly the relevant documents improved as compared with 
other two systems.   
7.4. RESEARCH LIMITATIONS 
As is the case with any research, readers need to consider the presented results 
within the context of the limitations. Also, the process of posing and answering 
particular research questions typically generates more questions that need to be 
explored through further research. With regard to current research the research results 
were limited to following: 
• Lack of access to real world organization data and users. In general, 
organisations do not want their competitors to know what their employees might be 
searching for, or even what sets of documents they might be searching. For this 
117 
 
An Adaptive Fuzzy Based Recommender System For Enterprise Search 
 
reason, query logs are unlikely to be made available for publication or even for 
perusal by external researchers (Hawking 2010). With regard to the current research, it 
was difficult to have the access to the internal data of any organisations due to the 
privacy and security concerns. 
• The test collection (the data set), defining an appropriate enterprise search test 
collection for the experiments is not a straightforward task. The development of an 
enterprise search test collection which is sophisticated enough to model an interesting 
research problem and to serve as a benchmark by which the developed approaches 
could be tuned and improved, or, by which products may be compared, are still 
challenging tasks in the enterprise search research area (Hawking 2010). An 
alternative to developing the test collection is to use one of the standard test 
collections which are available for experimental purposes. The problem with such test 
collections, is that they have, to different extents, a lack of complete real world 
representation. For example, the test collection ‘TREC Enterprise 2007 Track’ which 
is a common test collection in the research community and was used in the current 
research, provides a relatively limited amount of labelled data. The labelled data is 
limited to 50 user queries, together with their associated user judgment. This number 
of queries might be adequate for evaluation purposes, but is not adequate for profiling 
or to develop any relevance feedback based approach. 
• Considering the limited labelled data, a set of simulated search tasks were 
developed in order to extend the labelled data to model the real world situation more 
realistically: In order to extend the labelled data set, the developed search tasks were 
given to a group of 35 users to complete using the provided system and their own 
queries (keywords). But the challenge was how to make the participants who were not 
experienced in the test collection to behave in a way which reflected the real world 
situation. Due the time constraints and participants availability the only available way 
was to explain the search tasks thoroughly to them and also to train them on how to 
complete 5 trial search tasks. 
7.5. FUTURE WORK  
Future work will include further evaluation of the proposed approach in a real 
world organisation, using an extended user base and over a longer timescale. Some 
additional moderating factors such as the age of the query and document authorship 
will be investigated and included in the proposed approach. Furthermore, the 
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investigated implicit feedback parameters set, will be expanded to include parameters 
related to text section (e.g. highlighting and copying); creating and creating and 
updating parameters).  The general linear predictive model will be replaced with a 
user specific predictive approach in which each user has their own model to predict 
the relevance of the document from the implicit feedback parameters based on their 
behavioural patterns. In the large organisations, information could be distributed on 
different geographical locations and also on different platforms (Hawking 2010). This 
research was mainly concerned with retrieval accuracy and therefore, other 
performance aspects such as the scalability of the proposed approach will be explored 
in future. Future work will consider scalability in order to produce a highly scalable 
recommender system and will also deploy the system on cloud based architecture in 
order to address the issues related to computation cost and distribution of data (Anjum 
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9. APPENDICES  
 




Title of Project: An Adaptive Fuzzy Logic Based Recommender System for 
Enterprise Search 
 




You are being invited to take part in a research study. Before you decide it is 
important for you to understand why the research is being done and what it will 
involve. Please take the time to read the following information carefully. Ask me if 
there is anything that is not clear or if you would like more information. 
The aim of this experiment is to enhance the enterprise search by using user 
feedback. We cannot capture and use the user feedback unless we ask real users to use 
our enterprise search engine, which is why we need to run experiments like these. 
Please remember that it is the search engine, not you, that is being evaluated and 
enhanced.  
It is up to you to decide whether or not to take part. If you decide to take part you 
will be given this information sheet to keep and asked to sign a consent form. If you 
decide not to take part you are free to withdraw at any time without giving a reason. 
You also have the right to withdraw retrospectively any consent given, and to require 
that any data gathered on you be destroyed. A decision not to participate will not 
affect your grades in any way. 
The experiment consists of 20 search tasks that you will be asked to curry out in 
order to retrieve the required information for a group of simulated work situations. 
During performing the search tasks the system will capture some implicit feedback 
indicators (such as reading time, scrolling, number of mouse clicks and others) and 
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explicit feedback (you will be asked to give a rate between 1 and 10 of how relevant 
the document is to your query). You will be given two weeks to finish the required 
tasks and each time you use the search system you will be asked to login. 
Data will be stored only for analysis, and then will be destroyed. No personal data 
will be recorded. The results of this study will be used for my Ph.D research. The 
results are likely to be published in late 2014. You can request a summary of the 
results in the consent form. You will not be identified in any report or publication that 
arises from this work.  
 
For further information about this experiment please contact: 
 
Obada Alhabashneh  (Email: aa9048@Coventry.ac.uk  or  Mobile: 
07450490899). 
Computing Department, Coventry University 
Priory Street 










“CSIRO, the Commonwealth Scientific and Industrial Research Organisation, is the 
Australia's national science agency and one of the largest and most diverse research 
agencies in the world. It is a geographically distributed organisation at over 50 sites in 
Australia and around the world. It has 17 divisions, conducting research in areas such 
as entomology, industrial physics, mining, livestock, sustainable ecosystems and 
information & communication technologies.  
 
One of the important roles in CSIRO is the science communicator's role which is to 
enhance CSIRO's public image and promote the capabilities of CSIRO by managing 
information and interacting with industry groups, government agencies, professional 
groups, media and the general public.  Therefore, the communicators are supposed to 
have sufficient knowledge of various research activities taking place in the 
organisation.  
In order to keep you up to date with the knowledge and organisational activities, as 
a communicator, you are asked to search information using your own search criteria 
on specific topics (see tasks list below) and familiarise yourself with the information. 
The information should be searched and retrieved using the provided search engine 
which is available on the following link: (http://54.84.91.70 ). 
 
 
 1. To find information on Gene Technology /Biotechnology focusing on 
Genetically Modified (GM) products such as cotton. In addition, find out 
how RNAi Technology is linked to the Gene Technology.  
 2.  To find information about the likely impact of global climate change in 
Australia (including the social and environmental impacts). 
 3.  To find at least 5 publications which you would recommend to get 
information about bushfires (forest fire) and fire in general that helps to 
develop better technologies and strategies to save lives. Those publications 
might also be recommended for protecting your home from bushfires and 
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improving house design to mitigate fires, etc. 
 4.  To find information about safety and precautions for the use of 'copper log' 
and treated pine. 
 5.  To find information on sustainable Ecosystems focusing on maintaining the 
sustainability of Australia's landscapes, environments, communities and the 
‘CSIRO’s activities in sustainable agriculture. 
 6.  To find information on Air Guitar and Textile sensor and how are they 
work? Additionally also gain knowledge on Biomedical and Medical 
textiles which might also be called as smart textiles?  How does the 
computer translate the gestures into music? Is it wireless or wired?  
 7.  To find information about the carbon nanotube projects at CTFT including 
carbon nanotube yarns (strand of twisted threads) and sheets. 
 8.  To find information on Australia’s world leading aerospace research on   
scramjet technology (ultra high velocity air breathing engines). NASA and 
others are working with Australian scientists because their own programs 
have been comparatively unsuccessful. 
 9.  To find information on Human Nutrition Clinic facility and the latest 
clinical nutrition trials which are recruiting volunteers? 
 10.  To find information about the dietary trial which lead to the development of 
Total Wellbeing Diet book and fact sheet about differing diets, etc. 
 11.  To find information on product line lifecycle assessment including the 
analysis of all associated costs across entire production chain, cradle to 
grave analysis and assessment of long term sustainability of 
industries/processes. 
 12.  To find information about comminution (fragmenting), using physical 
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 13.  To familiarise yourself with improving cement production techniques such 
as  slag granulation, use of waste heat and use of different materials to 
replace traditional Portland cement (e.g. geopolymers) 
 14.  To find information  about Sensor networks and its applications? How does 
this technology work? 
 15.  To find information on telecollaboration, virtual offices, and the new 
technologies exist to support collaboration across distance. In addition, find 
out whether these technologies are safe, private, secure and reliable. 
 16.  To find information on mining robotics including what mining technologies 
can be automated? How this could be done? How do robots navigate? And 
how safe is the technology? 
 17.  To find information about drilling including the new drilling technologies, 
diamond composite drill bit, autonomous drilling and cutting. 
 18.  To find information on ocean currents and conditions. The required 
information might include ocean heat transport and circulation and the 
Antarctic circumpolar current that connects all of the major ocean basins to 
the south of Australia and the Indonesian Throughflow. 
 19.  To find information about the science education programs which ‘CSIRO’ 
operates in different school around Australia. Such programs may include 
awards, competitions, student workshops, research projects, teacher 
professional development and teacher resources. 
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Please initial box 
 
1.   I confirm I have read and understand the provided 
information sheet for the above study and have had the 




2.   I understand that my permission is voluntary and that I 
am free to withdraw at any time, without giving any 





















Researcher Date Signature 
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9.3. APPENIX 3: USER GUIDE  
USER QUICK GUIDE 
This document is a user guide to help you to use the system and to complete the 
provided search tasks in the right way. The experiment consists of 20 search tasks 
which are provided in the attached file (Search Tasks), please go through each task try 
to understand what is required and then use you own criteria to find the required 
information.  The following is a step-by-step guide to show you how to use the 
system: 




Then you need provide your email and your name (please choose make sure to use 















Then you need select the search task that you want do from the list (you should 










Then you need search for the required information using your own queries and you 
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